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1.0 INTRODUCTION

The problem of identifying ice particle types occurring
in clouds based on shadow graph images have recently become
important to cloud physics studies. The effects of clouds
on microwave sensing in weapon systems, satellite imagery,
and the propagation of millimeter waves are often functions
of the shapes of cloud particles as well as their concentra-
tion and size distribution. Dyer and Barnesl have presented
a survey discussion of the areas of applications, measurement
techniques and characteristics of ice crystals which can be
found in clouds. Additional discussion of applications and
measurement of cloud particle shapes can be found in Referen-
ces 1 and 2,

The problem of examining the two dimensional images,
identifying the particle type and calculating the statistics
of particle types occurring during the data collection run
is one which is particularly well suited for automated
machine classification., This is because of the large quantity
of data which is obtained and the fact that the manual classi-
fication of particles very rapidly becomes fatiguing and would
require a very large staff of technicians to classify even a
relatively modest set of data. In addition to this, we have
shown (see Section 3.0) that the particle types are suffi-
ciently poorly defined that there is significant disagreement
among classifications made by different persons, even when
those persons are aware of the problem and trained by the
same person. We have also found significant disagreement

. between classifications made by the same person at different
times.

Despite this great need with the exception of the classifiers
presented in References (1) and (2), the development of automated '
machine classifiers for recognition of cloud particle types F
have not been reported in the literature. Although the machine x|
classifiers which have been presented in this paper apply to
the same data as those which are described in Reference (1)
and (2), there are several significant differences between .
? the classifers developed here and those reported in References %
(1) and (2) which should significantly improve their performance. R

(1) Rosemary M. Dyer and Arnold A. Barnes, Jr., "The Micro- 1

physics of Ice Clouds-A Survey", Air Force Surveys in Geo- ;
physics #411, AFGL-TR-79-0103, NTIS AD A07702D, 8 May 1979. —
1
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These are:

1) The present classifiers were developed using real
data as training data,

2) The present classifiers uyse the unigue capability -
of the ADAPT family of empirical classification development 3
programs to objectively define and select features for large 8
data sets as opposed to the usual intuitive definition of o
features followed by an Qbjective evaluation of a limited 3
number of features.

3) The present classifiers are based on variations of 3
the Fisher classifier rather than the maximum likelihood/ 4
Bayes family of classifiers, “

4) The present algorithms are incorporated in schema 3
which permit the adjustment of thresholds to account for 3
special needs of the user or characteristics of the particular
data set,

Section 2 of this report summarizes the development and
performance of the machine classifier, Section 3 summarizes
the comparison of human and machine performance for making
these classifications, 8ections 2 and 3 have served as the basis
for two separate journal articles to be submitted on these
two subjects, respectively,

Section 4 of this report briefly summarizes the use of
the computer programs which have been developed to prepare
the data and implement the classification procedures. The
data preparation program is a relatively minor modjfication
from the users viewpoint of the Air Force Geophysics Labs
Program KN2UTIL. The program for implementing the classifica- :
tion algorithms takes the output of the modified program KN2UTIL ;
and processes it through the schema resulting in a printout of J
the identification of the particles, Sections 5 and 6, Analysis
of Eigenvector Transformation and Analysis of Relative Importance
Vectors provide detail insight into some of the characteristics
of both the eigenvector transformation and the algorithns.
This information is of interest to those who wish to understand
the mechanisms of the algorithms and more about the eigen-
vector approach used to develop the algorithms, however, it is
not necessary to the understanding of what the algorithms will
do and how to use the algorithms. The final Section 7.0,
summarizes the conclusions which we have reached as a result
of this study.
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2.0 DEVELOPMENT OF 2-D HYDROMETEOR
MACHINE CLASSIFIER FROM OBSERVED
DATA '

2.1 Definition of Data Vectors

LTINS, W e

Data Source

The data used in this study were obtained from the

two dimensional Knollenberg laser scanning device. These
devices and their calibration are described extensively in

s the literature by Knollenberg (4), (5), (6) and by Heynsfield
and Knollenberg (7), Heynsfield (8), and Cunningham (9).
Briefly, the system consists of a laser beam luminating a
line of photo diodes. As particles fall through the viewing
volume, it includes some of the diodes, the number and location
of which are determined by the particle size and shape. A
rapid scanning system records the diodes included per unit
forward motion of the aircraft. This forward motion equals
the minimum grid size; and hence, the smallest size particle
measurement by the device (25M). Figure 1 is an usually X
clear example of an unusually pure set of dendrites recorded X
by the two dimensional probe,
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Preprocessing

The initial preprocessing performed is to reject artifacts
and trivial cases. The most common of these to be rejected
are:

NRTEFUPIR. i SOBBRIRIAIIS U 7

1) particles less than three diodes in length., Particles
smaller than three diodes do not have sufficient information g
for classification and may be treated as spheres for many of
the applications.

2) Images containing more than one particle. Multiple
particles are rejected primarily to make the classification
problem more tractable., Physical arguments can also be made
that when multiple particles are present they are often pieces
of a single particle that is breaking up.

3) Particles which were entering broadside were also
rejected to make the classification problem more tractable.
These particles could be handled by rotating them 90 degrees
and then processing them through the classifier. The programs
developed are capable of this, although to date, these particles
have represented a relatively small percentage of the total
particles and this has not been necessary.
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LASER SHADOWGRAPHS OF SNOW CRYSTALS
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Unlike the work presented in References (2) and (3),
streakers (usually water shedding across the up stream edge
of the probe and across the aperture) have not been rejected
in the preprocessing stage but have been retained as a
particle class to be rejected as part of the classification
procedure. This has been done since the processing required
to identify streakers is more like the classification of
the particles than like the remainder of the preprocessing
in terms of the procedures used and can be done more effi-

4 ciently at the latter time. An optional preprocessing is
available as part of the classification procedure to rotate
all particles until their ratio of the maximum width to
length is minimized., This option was used primarily to
investigate the sensitivity of the algorithms to rotation
and will be discussed later in the paper.

Construction of Data Vectors
The second step in the data preparation was to construs

a linear data vector from the two dimensional binary arrays
of occluded and exposed diodes.

Figure 2 illustrates how the 2-D spectrometer data was
converted into a data vector. This figure illustrates this
procedure for two different particles used in this study.

The upper portion of the figure is the data vector correspond-
ing to the shadow image shown in the lower portion of the
figure. The shadow Of the particle is created by the occlu-
sion of diodes in a 32 by N array as the particle passes,

Each of the X's in the lower figure indicates the location of
an occluded diode. The shadow graphs of the particles were
reloeated so that the origin could be taken in the upper left
hand corner of these figures and at least one occluded diode
would lie on the horizontal axis.

]
.Y

ST s

To create a single numerical value for each row, each
occluded diode was treated as a binary bit turned on and each
of the diodes which was not included was treated as a zero
binary bit., This bit structure at each of the horizontal
locations was then interpreted as a binary number. For the

. purposes of this study, the length of the particle, N, was '
arbitrarily limited to a maximum of 64 rows of diodes. Thus, 3
the first 64 numbers in the upper figure or data vector are
simply the natural logarithm of the integer resulting from
the bit structure of the corresponding row of diodes normalized
to unity square magnitude. The next 30 numbers are the frequency
spectra obtained when that 64 point bit structure was processed
through a fast Fourier transform. To eliminate the DC term,
the first two bins of the frequency spectra were deleted
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‘ resulting in a total of 30 numbers. The 30 frequency bins

' were alsc normalized to unity square magnitude. The 95th
and 96th values in the data history were the square magnitude
of the time history and the square magnitude of the frequency
- histories which were used to normalize these two portions

x of the history. Points 97 and 98 were the Feret length and
- width, respectively. The 99th point was the index value at

which the particle had its maximum width.

2.2 Definition of Truth Data Sets

A total of 2,104 particles images obtained on three data
gathering flights were used as training and verification data
for this study. This data was divided into three different
sets of data. The training set consisted of 403 patterns
obtained on a single flight. There were also two verification r
sets taken from two different flights. One verification set j
consisted of 1500 particles and the second of 201 particles. '
The 201 case set was used to evaluate both manual classification
and competitive classification schemes and will be called the
*manual reference set"” through the remainder of this paper. r

Manual classification were prepared for all three data
sets, Except for the 1500 case proof test set, at least two
different manual classifications were made for each of these ;
data sets. For each of these three data sets, the manual -
classification arrived at by the team effort and defined as
the correct classification was available. For the 403
training cases, there was also the initial manual identification
used to derive the first exploratory algorithms. We shall
refer to this manual classification as the original training
classification. Approximately a dozen different manual -4
classifications were made on the manual reference set and are
reported in detail in Reference 3.

The "correct" identifications for this study were based

] on a team effort which was used to minimize the problem of g
consistency of manual classification. The problem of the W
i

consistency in the definition of the images first become apparent

in the task of defining the truth data for developing the

automated classifier. It was found that for a number of :

‘. particles considerable disagreement was occurring between ’
qualified meteorologists. This problem is discussed in detail oo

[ in Reference 3. The initial truth data was picked by

¥ Rosemary Dyer after detail discussion with the other two

authors. After noting the substantial disagreement with the .

development of an exploratory set of algorithms using the v

initial set of truth data at the same time carry out a study -

to determine the severity of this problem. A
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The training set consisted of 403 patterns which have
been divided into four non-trivial classes, one trivial
et class and a class of unclassifiable shadows. The trivial
ttj class containing only three member - was a streaker class for
rie which there are a number of strong characteristics which are
- reflected in the eigenvector expansion and can easily be
= identified by machine and thus the algorithms for this class
S were developed by inspection of the projection on the eigen-
vy vector space. There is no disagreement among the human
I!ﬂ classifiers as to correct identification of the members of
this class.

{ A second data set completely different from the 403

o training cases consisting of 201 cases was selected as a set
r‘l to be analyzed by a number of different observers to allow a
= study of the consistency of human observations. After

{ completing their individual analysis of the 201 case comparison
1 set, the two authors located at AFGL undertook a joint examina-
s tion of a total of 2,104 images that included both the 403

L"' training images, the 201 manual reference images and an addi-
P tional 1500 images. These images were arranged in an order

so that the authors were not aware of the places in which the
original training or the 201 case manual reference set occurred.
A period of time not exceeding 1 hour was set aside each day

to work on this task to prevent fatigue which was known to
cause a change in the identification. When these imm ges were
supplied to the two AFGL authors, the machine classifications
using the algorithms based on the original 403 case training
set were also furnished to improve their consistency with the
original training set. The results of this careful team
analysis were then taken as the "correct" or truth data for
this study. It should be remarked that a different set of
people or even the same authors performing a different time
would have somewhat different results, however, this was felt
to be the best result which could be obtained and will provide
a good basis for comparison of consistency. It is also the
best available basis for developing the machine classification
algorithms.

2.3 Design of Machine Classifiers

The classifiers developed were Fisher classifiers which
were developed using the data vectors derived from the shadow
graphs. These signatures were preprocessed through an eigen-
vector transformation and then the Fisher classifier developed
using an independent eigenscreening scheme. The general
concept of the ADAPT Service Corporation's independent eigen-
screening approach to deriving classifiers such as the Fisher

PR LI e P S S UL W T e - 9 o " TP 'y PN S e
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classifier has been described in Reference (10) and in much
greater detail by Hunter2. This report includes an appendix
illustrating the difficulty with comventional iterative
eigenvector technique which are overcome by the ADAPT eigenvector
programs. The ADAPT approach may be briefly summarized as
follows. The training data vectors to be used to develop the
classification algorithm are first used to develop the
transformation to their eigenvector space (i.e. the optimum
empirical orthogonal functions, E.O.F.). This transformation

is then used to transform this data to the eigenvector space.

A screening procedure is then used to develop the Fisher
classifier where the screening is performed on the projections
on each of the eigendirections (E.O.F.'s) as opposed to
screening on the original variables. The screening also differs
from conventional "forward sequential" selection in that the
screening decision to keep or reject a given eigendirection

in the classifier is based on an unbiased performance estimate
using the modified “one-out" method of Reference 1ll1l. Thus,

the approach from conventional screening primarily in two

ways: 1) the use of the components in eigenvector space as
independent variables, and 2) the use of an unbiased performance
estimate s opposed to the normal procedure of using dependent
or biased test results to make the screening decisions.

These procedures were used to develop five separate
algorithms for classifying dendrites, needles, columns and
plates. A fifth algorithm for classification of streakers
was developed by examining the projection of the data on the
first two eigendirections.,

Thus, the machine classification scheme was built around
these five algorithms each of which was of the same mathematical
form. That is, each algorithm consisted of a vector onto which
all of the data was projected. This vector was selected to
maximize the ratio of the interclass dispersion to the intra-
class dispersion using the Fisher criteria for the first four
algorithms and by examination of the projection of the data
on the first two eigendirections for the fifth algorithm. These

(2) Hunter, H.E.; "Final Report, NCSC Scale Model Classification
Potential®, Contract N61331-79-C-0038, ADAPT Report 80-4,
DTIC #AD-B062 5576, Dec 1980.
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five algorithms were utilized to identify the most likely
class by calculating the five likelihood ratios based on the
detection statistics obtained by applying each of these five

are the E.O.F.'s or the eigenvectors of the variance-covariance ;
matrix associated with the 403 training data vectors as described

in Section 2. These features have the advantage that they are

orthogonal and are complete; that is, all of the featuxres have

been coqstructed which are required to completely define the 4
variation in the data. Recently there has been considerable p
o discussion in the literature (12), (13) of the question of the

The techniques

algorithms. The algorithm displaying the highest likelihood

ratino was used to define the class to which the shadow graph N
1 belonged. ?
" Definition of Features :
h! The objective features which are used for this analysis s 4

i significance of the higher order eigenvectors.

which are suggested for
clearly stated as being
experience with several
that these criteria are
in the rejection of the
problem, We have found

demonstrating this significance are
sufficient but not necessary. Our
hundred eigenvector problems has shown
very conservative and often result
most significant data for a difficult
the most effective measure of signi-

ficance is the usefulness of the eigenvector (that would be
used for any other feature) in either the regression or
classification algorithm. A possible reason this approach is
not used more in the literature is that screening decisions
are usually based on dependent (i.e. biased) test results »
instead of independent tests. The ADAPT techniques base' these g
decisions on independent tests! L

One reason the method of Reference (12) is overly re- 1
strictive is that if we are considering a higher order eigen-
direction, (for example, the Nth) the random vectors model the
entire reconstruction rather than the portion using only greater ]
than the Nth terms. A less conservative approach would be to ,
reconstruct the data vectors using the first N eigenvectors, '
substract this reconstruction from each of the data vectors and
then construct the eigenvector expansion from the remaining
portion of data vectors and compare the eigenvalues associated ]
with this expansion with that generated from a set of correspond-
ing random vectors. The computation involved in this would be
far greater than that of the method given in Reference (12)
and it still would yield a sufficient but not necessary condition.
For the present study, we have found that significant information
can be found up to and including the twentieth eigenwv. ctor.
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A second problem associated with optimal empirical
functions or eigenvectors is that, in general, the iterative
techniques for finding eigenvectors which appear in many

of the statistical packages do not produce correct eigen-
vectors for the higher order eigenvectors when the data set
involved is large and/or noisy. This may be easily demon-
strated by inserting relatively simple sets of vectors into
these and noting it is possible to obtain more eigenvectors
having positive eigenvalues from these procedures than
would be possible with a correct derivation. This is
illustrated in the appendix to Hunter?. -

Performance of Individual Algorithms

Three types of classification algorithms were derived ;j
and later combined into a number of different schema for
performing the required separation into the six classes.

The first type of classification algorithm would be more

properly called a detection algorithm, This type of algori-
thm was developed to detect a given class versus all other -
classes. For this type of algorithm, Class 1 was made up of rj
the class to be detected. Class 2 was made up of all of the X
other classes of interest and the miscellaneous and streakers '}
were omitted from the algorithm development. -

The second type classification algorithm developed r
was the classification of one class versus the second class. )
In this case, only two classes of interest were used in the ‘&
algorithm development with Class 1 being one of the classes ]
and Class 2 the other class. All other classes as well as 1
the miscellaneous and streakers were omitted from the algorithm ﬁ
development. -

The third group of classification algorithms is actually
a special case of the first two. In this case, two classes
were separated from the other two classes. For example, X
Class 1 could be dendrites and plates and Class 2 would be
needles and columns. Again, miscellaneous and streakers were
omitted.

-

Table 1 presents a summary of performance of all of these
algorithms. The performance given is in terms the Fisher
parameter and an equivalent probability of error. The Fisher ﬁ
parameter is the parameter which is minimized by the Fisher
classifier and is simply the ratio of the sum of the standard
deviations of the two classes used to develop the algorithm N
(the within class variation), to the distance between the v
means of these two classes (the between class variation) when

-
PP Y VY

11 ’

B e e s - D e PP S }




EMENeE A

Ty W —— T————T—— A AL SIS #1 7 Eh T T SR ACATIL o 0 S MEYUVL L S eL G DUAMMOT L OLrs G SISIAMAL AT ddac
R L 1r>. ERICR Ar,:......u.......,r).,..‘f.. FREE T ARSI Y PR N . [ PO Y, ) oo | S

S60°0 ¥8L°0 ToO¥e3eId ING TIV 93e1q *sseTd uumTiTo) sA @3eTd 4
€0°0 SES°0 S3eTATPSN Inq TIV STPo9N *sse1d 93eTd s& SIp3aN
€1°0 168°0 TOOBpPaN 3Inq TIY STPo3N *SSeTd uumio) SA ITPIdN ]
ST°O0 996°0 °@3eTd FuU=aq Inq IIY uaq *sseld 33eTd sSA a3TIpusq “
L0*0 S89°0 Too3uaq Inq TIY uaq *sseTd uwumTod SA 23 TIPU3q 4
Zo°o ¥Zv°o paN3uSQd Ingq TIY usq *sseT1d 2TpaaN SA a3TIapusq

Swy3TIOBTY UOTIEDTITSSeTd

I023093°9d
og*0 00°¢ " usasICed 23TIPpUSE pue uunio)
910 oe°1 - 293eTIdRT0D 1032233 @23eTd pue uumTo)
01°0 6L°0 " PoNRTOD I0309319Q STPOSON pue uumTiod

SI10309313Q sseTd (2) oml

0T1°0 08°0 “ 23e1d 10329390 23e1d 1
LZ*°0 6S°T " * 100 X030939d UWM o) ;
90°0 L%9°0 " *poN I1039932@ o1pP9°oN N d
S60°0 £€8L°0 OSTW ? SI3)eaxls ‘uaq 1030933Q 23Tapuaq 1

s$x1030939Qq sseT1d (1) 2uo

34 AINTT dYd YIHSTA IT SS¥YIO I SSY'IO j
FONTWIOIIId SISSYID JO NOIIINIJAA WHLIYNOOTY {

YWIHOS NOILVYOIJISSYIO J0 NOISHQ JOJd aqIsn
SWHLIHODIY NOILYOIJISSYIO ¥YFHSIJ JO FONYWIOINId - T IFTIVYL




the classes are projected onto the Fisher derived optimal
separation direction. The equivalent probability of error

is included because the non~linearity of the Fisher parameter
makes it difficult to grasp its physical meaning. We define
the equivalent probability error as the probability of making
any error in the classification which would be associated
with a particular Fisher parameter for a classification where
the standard deviation of Class 1 equals the standard de-
viation of Class 2. This definition has the advantage that
it allows a unique relationship between a probability of
error and the Fisher parameter. In general, the probability
of error will depend on both the Fisher parameter and the
relative sizes of the standard deviation of the two classes
and the threshold selected. All of the performances given

in Table 1 are based on the modification of the Lachenbach
(11) “one-out" method. This modification is to use groups

of observations rather than single observations in the
procedure,

In examining Table 1, it is useful to realize that human
classifiers tend to have probability of errors ranging from
0.25 to 0.65 as compared to the correct classification and

from 0.28 to 0.40 in terms of agreement between the same person
performing the classification at different times, These results

are discussed in detail in Section 3.0.

The first column of Table 1 defines the algorithm and
associates it with one of the three groups of algorithms
previously described. The next two columns of Table 1 define
the members of the three classes used in the development of
the Fisher algorithm. Where Class 1 is the first class in
the development of the Fisher algorithm, Class 2 is the
second class in the development of the Fisher algorithm and
Class 3 are those classes which were omitted from the develop-
ment of the algorithm. The fourth and fifth columns give the

Fisher parameter and equivalent probability of error, respectively.

2.4 Definition of Classification Schema

The information presented in Table 1 was used as a basis
for selecting two schema for combining these algorithms into
a classification decision in an automated manner. Figure 3
presents a diagram of the two schema which were developed for
this study.

1-Step Classification Schema

The one step schema shown at the. top of this figure

represents the s implest approach to using the algorithms to

make the decision between which of the six classes; that is,
13
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1) dendrites, 2) needles, 3) columns, 4) plates, 5) streakers,
and 6) miscellaneous or unclassifiable each particle belonged.
It consists simply of processing an unknown particle data
vector through the five detection algorithms and comparing
the projection of the particle on each of the five Fisher
directions with the statistics of the projection of the
training data on these directions. Based on this projection
and the statistics of the training data, one can calculate

a likelihood ratio that the particle belongs to the class

for each of the five algorithms. The likelihood ratios are
then compared with a threshold and if none of the likelihood
ratios exceed this threshold, the particle is considered
unclassifiable (i.e. a member of the miscellaneous class).

If one or more of the likelihood ratios exceeds the threshold,
the particle is associated with the detection algorithm for
which the likelihood ratio is the greatest.

This schema is closely related to a maximum liklihood
ratio approach and, in fact, will reduce to a maximum likeli-
hood ratio for those special cases for which the Fisher classifier
reduces to the maximum likelihood ratio classifier. However,
this approach results in a significant reduction in the computa-
tion required to apply the algorithm., It also provides for
considerable additional flexibility since both the statistics
of the training data and the characteristics of the individual
algorithms can be modified by an appropriate input. Thus, the
algorithms may be adjusted or tailored to specific apriori
information without a rederivation of the entire algorithm.

2-Step Classification Schema

Figure 3B is an example of a modification of the simple
schema shown in Figure 3A which is possible by adding a single
additional algorithm and replacing one of the algorithms to
overcome a particular difficulty with the algorithms. Examina-
tion of Table 1 shows that all four of the most important
algorithms used in the schema of Figure 3A have equivalent
probability of errors of less than 10% except for the column
detector algorithm which has equivalent probability of error
of 27%. Further examination of Table 3 suggests that if the
columns were detected using a two step procedure of first
detecting combinations of columns and needles and then separat-
ing the columns from needles with the column versus needle
classification algorithm, this probability of error might be
reduced to approximately 22%. Thus, the schema shown in
Figure 3B was developed to implement this approach.

14
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Initially, the two step schema shown in Figure 3B
is essentially identical to the one step shown in Figure 3A
with the exception that the column detector has been replaced
with the column plus needle detector algorithm, If the likeli-
hood ratio is less than the threshold or if the maximum
likelihood ratio is associated with the dendrites, needles,
plates or streakers, the procedure and results are identical
to the one step schema shown in Figure 3A. However, if
the maximum likelihood ratio is associated with the columns
and needles class, the data vector associated with the
particle is also processed through the columns versus needles
classification algorithm. The results of this classification
are then compared with the second largest likelihood ratio and
a decision is reached as to whether the particle should be
called a column, a needle, or a miscellaneous particle,

2.5 Performance of Classification Schema

Confusion Matrix Performance Measure

The performance of the raw algorithms was summarized in
Table 1 in terms of the Fisher parameter and its associated
equivalent probability of error. However, the performance of
interest is that of the combination of these algcrithms for the
overall task of identifying the particle type associated with
any data vector, Although the Fisher parameter is an excellent
measure of performance of the individual algorithm, it is not
suitable for evaluating this multiple class schema or combination
of algorithms. One of the more efficient measures of performance
for the combination of algorithms is the confusion matrix. This
is a matrix which has the class as both of its axis. One axis
in our paper, the vertical axis, represents the actual class of
the particle the other axis in our paper, the horizontal axis is
the class which the particle was identified as. Thus, the
diagonal of this matrix is simply the number of correct classi-
fications for each algorithm,

Figure 4A presents this confusion matrix for the application
of the one step algorithm to the 403 training cases using the
group out modification of the Lachenbrach (11) one out method,
Examining the first row of this matrix, we see that from the
first class which had a total of 63 members, 46 of these were
correctly identified as dendrites, none of them were incorrectly
identified as needles, four of them were incorrectly identified
as columns, 1l of them were incorrectly identified as plates,
none were incorrectly identified as streakers and two of them
were incorrectly identified as miscellaneous. Similarly, one
can get the exact performance for each of the other classes by
examination of this matrix. It is somewhat more useful to
normalize the confusion matrix by dividing each row by the
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actual number of members of that class, thus, each value

becomes the decimal fraction of identifications. This we

call the normalized confusion matrix and is shown in Figure

4B for the reference one step algorithm corresponding to

Fisher 4A. Thus, once again examining the first row, we see

that 73% of the dendrites were correctly identified as dendrites
and 6% of the dendrite incorrectly identified as columns,

17% incorrectly identified as plates and 3% incorrectly identified
as miscellaneous.

The confusion matrix provides us a complete analysis of
the performance of the algorithm. However, it has the dis-
advantage that it is rather cumbersome to compare a number of
algorithms using the confusion matrix. One relatively simple
reduction of this cumbersomeness is to deal only with the
diagonal of the confusion matrix. Referring to Figure 4B,
we see that this confusion matrix has a diagonal having the
values .73, .86, .70, .75, .67 and .09. This tells us that
the reference one step algorithm correctly identified 73% of
the dendrites, 86% of the needles, 70% of the columns, 75% of the
plates, two-thirds of the streakers and 9% of the miscellaneous.
Thus, the diagonal of the confusion matrix can by itself give
us considerable information regarding the performance of the
classification schema. It still defines the performance in
terms of probability of correct identification (or probability
of error) for each of the classes. What we are missing is
how the errors are distributed amongst the remaining classes.
Finally, if one were to construct the weighted average of the
normalized diagonal where each of the diagonal values were
weighted according to the total membership of the corresponding
class in the set and the resulted weighting average expressed
as a percent, one would have the percent of correct identifica-
tions, which will be used as the primary comparison method in 1
Section 3. Thus, one may view the confusion matrix as a 1
generalization of % correct for a binary class problem to a 4
multiple class problem.,

LA NS o A
L d

LA

comparison of Classification Performances for Schema and
Modifications

In evaluating the performance of these classification .
schema, the reader is reminded that the most significant pex-
formances are those associated with Classes 1 through 4 and C
that the performance of manual classification tends to range ]
between 35 and 75 in terms of the weighted average of the
diagonal. The reason for the lesser importance of classes 5
and 6 are: 1) class 5 only has three members and thus makes
a very small contribution to the weighted average and class 6
also only as 23 members, It should also be noted that very
little effort was exerted on developing a highly efficient
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streaker (class-5) detection algorithm since apriori procedures
are already available which can be used to prescreen the
streakers if necessary. The miscellaneous class, class 6,

can be eliminated from the procedure by adjustment of the
likelihood ratio thresholds. Complete elimination of any
membership of this class does not significantly effect the
overall performance of the schema.

Performance on Selected Data Set

Table 2 presents a comparion of the performance of a
number of variations of one and two step schema on the train-
ing set of 403 cases. These performances are based on the
group-out test modification of the Lachenbrach (l1l) one-out
method. The first column of Table 2 defines the schema used,
i.e. whether it is a one step or two step and if applicable
a descriptive name. The next three golumns of various thres-
holds which can be set to modify the schema. Results are
given for three of the more significant thresholds. These
are the threshold on the likelihood ratio (LR), the threshold
on the dendrite detection algorithm and the threshold on the
second step algorithm for separating needles and columns.

The fifth column of Table 2 indicates whether the schema was
applied to rotated or unrotated data. The last six columns

give the diagonal values of the confusion matrix associated
with each of the six classes. The first case shown in Table 2
is the nominal one step algorithm for which the confusion matrix
was given in Figure 4. For this schema, the likelihood threshold
was set at an absolute value of one thus it is indicated as
1.0A. The dendrites threshold was set at the 0 value which
corresponds to the minimum total errors using the Anderson-
Bahadur(14) approach and since this was a one step algorithm,
the second step threshold is not applicable. All of the data
dscussed to this point in the paper has been unrotated data.
Examination of the last six columns for the l-step nominal
schema shows the diagonal values which were ‘given in Figure 4.

This training set of data differed considerably from the
two test sets which will be discussed later. The training set
was a set of data which was picked because it contained unusually
good examples for real data and an unusual variety of cases.
Thus, the training set could not be considered a typical data
set but rather an unusually pure set,

The nominal schema was modified by varying the threshold
for the likelihood ratio through a number of different values
and the best value determined experimentally. The characteristics
and performance of this algorithm are entered in the second
row of Table 2, It was found that a slight improvement was
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pPossible by using a relative rather than an absolute threshold
on likelihood ratio. 1In this case, the relative criteria

was that a particle was identified as miscellaneous if the
largest likelihood ratio exceeded the second largest likelihood
ratio by less than five percent. This is indicated by 1.05

in the L/R threshold column. The major reason for this
improvement was that the miscellaneous class was reduced to
only five particles (none of which were correctly identified!).
This relative threshold was introduced in the hope that it
would be a better approximation to human determination of
unclassifiable. However, the fact that the best use of this
threshold was essentially to eliminate the miscellaneous class
indicates that neither the absolute or relative thresholds
result in a good approximation to what the human does in
determining a difficult or unclassifiable particle, This was
further verified by use of considerably larger values of the
relative ratio where the total number of the miscellaneous class
were approximately equal to that of the human classifiers for
the training data but the agreement with the human identification
as miscellaneous was still extremely poor. This is in agreement
with the conclusion of Section 3.0 that different sets of
particles were difficult for the machine than for human classifiers.

The information in Rows 3 and 4 compares the performance
of the best one step and the best two step algorithms., We see
that on this training data set the introduction of the second
step has made relatively little difference on the performance
of the algorithm. There has been a slight improvement of the
identification of the needles and an insignificant decrease in
the identification of the columns. The fifth row illustrates
the type of effect that can be achieved by modifying the threshold
on the second step algorithm by approximately a half of the
average standard deviation of Class 1 and Class 2 for this
algorithm. The effect has been to significantly increase the
performance in detection of needles at the cost of decreasing
the detection performance for the columns. The effect of a
similar change in this threshold in the opposite direction is
shown in row s$iX where we see the effect is in the opposite
direction but considerably smaller.

The next two TIOWS |, have been included to show the effect
of rotating the data. One of the criteria used in defining
the preprocessing of the data vector was to minimize the
effect of the particles orientation. The first method of doing
this was to eliminate the broadside particles from the study
since these could be accounted for simply by rotating them
90 degrees as part of the testing procedure., The second approach
was to include rotationally insensitive characteristics such
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as the Fourier transform in the data vector. To evaluate the

- effectiveness of these approaches in reducing the sensitivity

- to rotation, the particles were rotated until they had a

: minimum ratio of the width to length. Rows 7 and 8 show

RT the performance of both the best one step and the best two ‘

step schema on the rotated particles. The conclusion from

comparison of these performances with the corresponding

performance on the unrotated data is that these algorithms

s are as hoped relatively insensitive to the particle's

m- orientation. The differences which were observed are quite ’ ;
* logical. We note that, in general, the effect of the rotation

b has been to decrease the performance in the detection of the

dendrites columns and plates and to increase the performance

for the classification of the needles. The increase of the

?‘ performance for the classification of the needles is clearly

i the expected result of rotation. At first, the decrease in

performance of the other three classifications might be

surprising. Examination of the detail effect of the rotation

showed that in addition to making the orientations of all of

the particles more similar, the rotation introduced noise due

to the finite size of the particles., That is, the edges of the

rotated particles tended to be rougher than the edges of the

unrotated particles. This introduction of roughness especially

for small plates and columns tended to make them look more

like dendrites.

The final two rows of Table 2 show the effect of changing
the dendrite threshold by one standard deviation of the dendrite
training data to weaken the detection of dendrites.

Performance on Manual Reference Data Set

Table 3 shows the comparison of the same schema performances
as Table 1 when applied to the 201 case manual reference test
set. These are 201 cases which were not part of the training
data and which were obtained from typicsl flights rather than .
unusually good flights. In fact, postmortem analysis suggests -
that these flights represented particles which were less well 1
defined then the average case., However, this is the test set
which was used to evaluate the manual performances which
were discussed in Reference 3 and led to the conclusions that
manual classification varied between 35 and 75% correct

identification. The format of Table 3 is identical to that of ]
Table 2.
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Comparison of Tables 2 and 3 shows that, in general,
the performance on the dendrite detection has significantly
improved and that the performance on the needles, columns
and plates has degraded. This variation in performance is
probably typical of variations that can be expected between
various data gathering flights depending on the characteristics
of the particles, Examination of the particles used on the
201 case manual reference set shows that there are many more
particles where it is extremely difficult to decide between
needles, columns and plates then was the case in the 403 case
training set., The performances suggest the dendrites included
in the manual reference set were in general better defined
then those in the training set, However, we see that the
effect of changing the likelihood ratio threshold criteria
is far greater for the manual reference set then it was for
the training set and has resulted in a performance significantly
improved over the nominal performance especially for the
detection of needles, columns and plates,

This example as well as many others which were observed
during this study shows that the design of the algorithms for
this problem is very sensitive to the particular data set used.
For this reason, it seems extremely unlikely that artificially
generated particles would lead to algorithms which were useful
for the classification of real data. It also suggests that
the schema developed must include considerable flexibility to
allow the user to adjust the performance of the algorithm to
any given data set., This is, of course, possible because the
user may apply the algorithms and then manually examine a
limited number of the cases to see if the performance is reasonable.
By examining the confusion matrix, relative to this determination
of correct performance, he can select the thresholds and if
necessary the statistics for the algorithms used in the schema.
In this way, the algorithms may be optimized for the particular
data set and purpose for which the analysis i: performed. It
would be reasonable to consider these schema "Manually Adaptive".
However, the nominal and best one step and two step algorithms
will provide significantly better performance against real data
sets then can be achieved with manual classifiers. This conclu-
sion is reached by comparing the general level of performances
shown in Tables 2 and 3 with the performances ranging from 35%
to 75% which are discussed in Reference 3,

It is encouraging to note that despite the sensitivity of
the detailed performances to the data set, the effect of rotation
on the manual reference data set is also smalg in agreement
with the effect observed on the training set. Since these
data sets are clearly extremes or nearly extremes in real
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data, it seems reasonable to assume that we have been
successful in at least reducing the effect of rotation to an
insignificant problem as compared to other problems associated
with the development of these classification schema,

Table 3 illustrates the reason why we have included Rows 9
and 10 in Tables 2 and 3. Although the weakening of the
dendrite algorithm appeared to significantly decrease the
performance for the 403 case training set, this was not the
case for the manual reference set. Although the direction
of changes in perxformance were similar, the reduction in the
threshold value for the dendrite algorithm, decreased the
dendrite detection performance of the other three algorithms
considerably more than for the training set. Figure 5 shows the
motivation for decreasing this threshold. Although the diagonal
of the confusion matrix presented in Table 3 indicates that
only 34% of the columns were correctly identified by the
nominal algorithm, the confusion matrix shows that 49% of
these columns were called dendrites., Thus, the weakening
of the dendrite algorithm by increasing its threshold which
is accomplished (by putting a negative constant on the cal-
culation of the detection statistic) will prevent many of
these columns from being called dendrites. In this case, the
column algorithm is strong enough to identify a significantly
greater number of the columns correctly while the dendrite
algorithm was good enough that even after decreasing its
performance it still yields good performance against this
data set. When the overall performance of an algorithm is
unsatisfactory, examination of the confusion matrix can allow
us to determine where the problem is and to suggest methods
for improving the performance of the algorithm simply by
adjusting the thresholds. These confusion matrices can also
be used to understand where modification of the statistics
associated with the projections of the classes on the Fisher
direction might be adjusted to further improve their performance.

Performance on Proof Test Data Set

Figure 6 presents the complete confusion matrix for the
application of the best one step algorithm to the 1500 case
proof test data set. The performance of this larger set is
between the training and manual referee sets,
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FIGURE - £ CONFUSIOM MATRIX FOR 1500 OBJECT TEST SET ]

4
COMFUSION MATRIX BASED ON COUNTS .
ACTUAL CALLED CLASS
CLASS 1 2 3 4 5 6
1 214.00 8.00 37.00 92.00 2.00 39.00
4 7.00 196.00 19.00 0.0 1.00 3.00
3 120.00 13.00 1642.00 13.00 1.00 564.00 1
) ¢6.00 12.00 56.00 293.00 0.0 4l.00
5 0.0 0.0 0.0 0.9 1.00 0.0
6 4.00 38.00 5.00 15.00 0.0 8.00
HORMALIZED CONTUSION MATRIX
ACTUAL CALLED CLASS
cLaSsS ! 2 3 4 5 6
1 0.55 0.02 0.09 0.23 0.01 0.10
2 0.03 0.87 0.08 0.0 0.o00 0.01 <
3 0.15 0.04 0.41 0.04 0.00 0.16 .
“ 0.14 0.03 0.12 0.63 0.0 0.09 :
5 0.0 0.0 0.0 0.0 1.00 0.0 L
6 0.06 0.54 0.07 0.21 0.0 0.1t 4
]
)
3
J
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3.0 COMPARISON OF HUMAN AND MACHINE
CLASSIFICATION OF POORLY DEFINED
PATTERNS

The problem addressed in this report differs from many
problems in pattern recognition in that a significant number
of the images to be classified are so ambiguous that there
is no consensus on their correct identification. Therefore,
even human classification is highly dependent on the individual
and the individual's physical and mental condition at the
time the classification is made. It is clear that successful
development of a pattern recognition algorithm which could be
implemented on a computer offers many potential advantages
especially with respect to consistency for a problem such
as this. However, these same characteristics can also be
expected to degrade the performance of the machine classifier
relative to the "trainer",.

The purpose of this section is to present the comparison
of the compatibilities of the machine classifier which was
developed for these cloud particles with the performance of
human classifications.

In general, both manual and machine classification were
available on the following three sets of data: 1) the 403
case training set, 2) the 201 case manual reference set, and
3) the 1500 case proof test set. Except for the 1500 case
proof test set, at least two different manual classifications
and two different machine classifications were made for each
of these data sets. For each of these three data sets, the
manual classification arrived at by the team effort and defined
as the correct classification was available. For the 403
training cases, there was also the initial manual identification
used to derive the first exploratory algorithms. We shall
refer to this manual classification as the original training
classification.

3.1 Percent Agreement Between 1l5-Human and 2-Machine Classi-
fications

The per formance of both the manual and machine classifiers
was compared by calculating the percent agreement between each
classifier and expressing this in decimal form. Table 4 presents
these percent agreements for the correct and original training
manual classifications and for machine classifications using
the algorithms derived from the original training data and
an algorithm derived from the "correct" set of training data.
These two algorithms are identified as ORIG-ALG and COR-ALG,
respectively.
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The machine classification performances shown in
Table 4 are based on a slight modification of the unbiased
“one-out method" of Lackenbrach and Mickey (ref 7). The
modification consists of using small groups "“stead of
individual storms in the process.

The agreement matrix, or Table 4, not only shows the
agreement of each of the classifiers with the correct
classifications but also shows the agreement between each
of the classifiers considered. The first two columns label
the rows of the matrix. The first column provides a classifier
ID number and the second column is a descriptive title for
the classifier, Similarly, the first or top row also identifies
the classifier using the ID number from Column l. The first
column of decimal agreements under ID of 1, lists the agreement
between each of the classifiers and the correct answer, the
second column, identified as 2 compares the performance of
the second classifier with each of the other classifiers and
so forth. Similarly, each of the rows compares the performance
of the classifier identified to the left of that row with
each of the other classifiers. Thus, the matrix is a symmetric
matrix with a unity diagonal. To simplify the reading of the
table, we have only shown the lower half of the matrix since
the upper half presents the same information.

Table 4 shows that the agreement between the correct and
the original training data was of the same order as the agreement
between the machine classifications and the correct identifica-
tions. Realizing that the original training classifications
were made by experienced meteorologist in the field who was a
membexr of the two person team to select the correct classi-
fications, it becomes apparent that there is a major problem
in obtaining consistency with manual classifications in
addition to the problems of fatigue and effort required to
evaluate many hundreds of thousands of images.

Table 5 presents information similar to Table 4 for the
201 case reference manual test set, For this test set, there
were 14 sets of manual classifications in addition to the
"correct" identification of the particles. There are also the
same two machine classifications as shown in Table 4. In
addition to the team effort to define the correct classifications
each of the authors of this paper made their own classifications.
It should be pointed out that these classifications were made
by the authors after numerous discussions both of the problem
of consistency in classification and general agreement among

(3) Note, decimal agreement may be interpreted as a weighted
average of the diagonal of the confusion matrix, see Section
2.5 for details. 28
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AGREEMENTY HATRIX COMPARING PERFOPHAMCE OF MANUAL AMD MACHIME CLASSIFICATION OF «03% JTAINING CACTS

1 2 3 4
> COPPECT 1.00
R.OVER 0.62 1.00

ORIG-ALG 0.59 0.68 1.00
COR.-ALG 0.73 0.55 0.60 1.00

O A -

AVERAGE ERROR IS 0.624483E 00
TABLE 5

AGREEMENT MATRIX COMPARING PERFORMANCE OF MANUAL AND MACHINE CLASS. OF 201 REF MANUAL PARTICLES

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 CORRECT 1.00

2 R.DYER 0.67 1.00

3 M.GLASS 0.73 0.60 1.00

4 H.HUNTER 0.66 0.67 0.57 1.00

5 H.H.-2NHD 0.74 0.69 0.66 0.84% 1.00

6 HET-A 0.44 0.47 0.52 0.41 0.44 1.00

7 MET-B 0.46 0.48 0.48 0.43 0.50 0.53 1.00

8 METB-2ND 0.61 0.62 0.52 0.69 0.69 0.48 0.50 1.00

9 HET:G-1 0.3¢ 0.42 0.37 0.3¢ 0.3¢ 0.52 0.48 0.40 1.00

10 MET:D-1 0.66 0.61 0.61 0.68 0.75 0.41 0.46 0.59 0.29 1.00

11 TECH:D-2 0.53 0.49 0.48 0.58 0.60 0.38 0.44 0.55 0.33 0.58 1.00

12 TECH:6-2 0.66 0.68 0.56 0.72 0.75 0.39 0.40 0.66 0.27 0.65 0.53 1.00

13 TECH:G-3 0.65 0.65 0.67 0.63 0.73 0.49 0.49 0.55 0.43 0.66 0.52 0.66 1.00

14 TECH:H-1 0.65 0.66 0.60 0.81 0.77 0.42 0.42 0.66 0.35 0.64 0.52 0.67 0.65 1.00

15 H-1:2MD 0.66 0.61 0.60 0.69 0.76 0.44 0.47 0.64 0.36 0.63 0.55 0.66 0.63 0.71 1.00

16 ORIG-ALG 0.55 0.44 0.38 0.49 0.42 0.24 0.24 0.40 0.21 0.41 0.33 0.48 0.37 0.48 0.42 1.0

17 COR-ALG 0.53 0.39 0.36 0.38 0.40 0.20 0.25 0.3¢ 0.14 0.44 0.32 0.40 0.33 0.37 0.41 0.5- .00

AVERAGE ERROR IS 0.514806E 00

TABLE 6

AGREEMENT MATRIX SHOW !G MACHINE PERFORMANCE ON 1500 PROOF TEST PARTICLES

1 h 3
1 oennpier 1.00
2 ORIG-ALG 0.45 1.00
3 COR-ALG 0.5 0.54 1.00

AVERAGE EPPOP 1S 0.518888E 00
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cach other as to how questionable cases should be handled.
Despite this collusion prior to making the classifications,
the agreement between the original classifications of the
authors and the correct values are still less than 75%.
The agreement amongst the authors is even less,

In addition to the independent classifications by the
three authors, four meteorologists and four technicians were
asked to manually classify the particles. The letter used
to identify the technician is the first letter of the author
who instructed the technician. For example, technician H-1
was instructed by Hunter. Two of the meteorologists had as
part of their tasks, the task of operationally performing
these classifications as the data was being gathered for
notation on the data logs. It was found that, in general,
there was considerably more scatter among the meteorologists
then the technicians and the technicians on the average tended
to do somewhat "better™ than the meteorologists. However,
neither group performed significantly better than the machine
classifications.

It is suggested that the additional knowledge that the
meteorologists have on the subject is actually a disadvantage
in tasks such as this where the object is to identify a
shape regardless of its meteorological implications. It is
believed that some of the meteorologist who were aware of
the conditions under which the data was taken where allowing
their expectations to bias their decisions at least on the
questionable cases. 1t should also be noted that in addition
to the lack of agreement between the meteorologists and the
correct answer, similar lack of agreement existed between all
of the technicians and authors involved in this manual study.
We must, therefore, conclude that, in general, it is unlikely
that one would find significantly greater than 50% agreement
between any one who was trained to do these classifications
and the ins tructor. Thus, it would not be possible to solve
the problem of manually classifying large numbers of particles
by recruiting a large force of technicians to accomplish this
unless agreements of less than 50% were acceptable.

A second question is that of how consistent is one observer
with himself. To address this question, three of the observers
were asked to repecat their classification of this 201 reference
manual particle set at a later date. The results of the second
evaluation shows agreements ranging between 50% and 84%.

However, it should be noted that the two highest agreements were
the author and the technician concerned with the development of
the algorithms who had continued to work with the data on a daily
basis and who are acutely aware of the consistency problem.

Thus, we conclude that even an individual working with the data

on a daily basis is highly likely to have significont disagreement
between his own classifications of particles on a daily basis.,
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Finally, we note that on a manual reference set even the
machine classifications are somewhat inferior to thosc which
were obtained on the 403 case training set. In making
comparisons across the two training sets, it is important
to recognize the fact that the 403 training set was a very
special set of data in which the number of particles were
relatively well balanced between particle types and more
importantly, the data had been selected since most were “good
examples” of the particle types being examined. Thus, although
they were based on real data, the 403 case set had been selected
from a time period during which exceptionally well defined
particles occurred. Thus, the results of Table 5 are probably
more realistic.

To further investigate this question, an additional set
of 1500 cases were identified as part of the effort of defining
the correct variables and, in fact, both the 403 case training
set and 201 case reference manual set were embedded within a
total set of 2,104 cases so that the team identifying correct
particles would not know at what time they were working with
which group of particles. Thus, the remaining 1500 cases
provided an additional set of data for which correct answers
were known and which could easily be processed through the
machine classifiers to provide information regarding the homo-
genuity of the 201 reference manual particle set., Table 6
compares the performance of the two machine classifications and
the correct manual identification for the 1500 additional
proof test cases, Here we see a slight improvement of the
machine classifications relative to Table 5 but still signi-
ficantly less than that observed in Table 4, From the
examination of these tables, we conclude:

1) that machine classification using these relatively
simple algorithms can be expected to yield performances
approximately equal to that which can be achieved by training
either meteorologists or technicians to perform this task.

2) That machine classification has significant advantages
over manual classifications in terms of self-consistency in
addition to the obvious advantage in fatigue and cost.

3) If ore uses the machine identifications as "correct"

rather than the results of a particular manual classification
self-consistency implies 100% "correct" classification,.

31

'v‘l

4
9

.'1




F'.

PP

3.2 Analysis O0f Manual Performance

The agreement of the manual classifications was examined
for each of the particles. As a result of this examination
the particles for which 100% agreement were identified and
those particles for which the least agreement was achieved
were also identified. Figure 7 presents typical examples
of those particles for which everyone or at least nearly
everyone was in agreement. Figure 8 presents typical examples
of those particles in each type for which the greatest
disagreement occurred. In both of these, the class identified
first is the correct classification of the particle and the
second 1s the classification given by the plurality of the
manual classifiers, Obviously, in the case of Figure 7, these
two are in agreement. For Figure 8, we have several particles
for which they are in agreement and several for which they are
not. If they are in agreement that indicates that the plurality
of the classifiers (not including second tries by the same
observer) did agree on the correct classification, however,
this was never more than three observers. In the cases where
they are different, the plurality was in favor of an identifica-
tion which disagreed with the correct identifications.

Examination of Figure 8 shows why there is such great
difficulty in getting agreement on these particles. Since
we are dealing with shape, size should not influence our
decision as to the particles class. However, the same shape
discontinuity on a large particle may indicate the broken
arm of a dendrite, whereas on a smaller particle this irregularity
might be due to the finite size of the pixels. The size of
particle in relation to size of discontinuity at which these
two different phenomena occur is a very subjective decision
and will differ from one person to another. Similarity, the
length to diameter ratios at which one identifies an object
as a needle, column or plate, respectively, are also quite
subjective and will vary from individual to individual and may
also vary according to roughness of the particle or even orienta-
tion of the particle for different human classifiers.

3.3 Analysis of Machine Performance

The performance of both the manual
classifications and the two machine classifications on the 18
particles which were shown on Figures 7 and 8
shows that, in general, the machine had less difficulty with
the difficult objects then the people did.
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FIGURE -7 CLOUD PARTICLES WHICH PROVED EASY TO CLASSIFY
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Additional insight into the performance of the machine
classifiers can be obtained by presenting the confusion
matrix for the machine classifications. The confusion matrix
(See Section 2.5) has the actual class along one axis and
the class which the particle was called along the other axis.
Tables 8 through 10 present the confusion matrices for the
application of the two machine classifiers to the three
data sets. The six classes shown are the five classes for
which classification algorithms were developed plus a sixth
unclassifiable class. This class is defined as any class
for which the likelihood ratios associated with the other
five classes were all less than unity.

Examination of Figures 4 - 7 _ shows that, in general,
Class 6 is very poorly identified. This indicates that those
particles which are difficult for humans to classify as defined by
the correct classification set are not the same as those
classes which are difficult for the machine to classify.

It should also be noted that the classification of the columns
is significantly worse for the reference manual set and the
1500 case proof test set then the 403 case training set.

Since these training performance are based on the unbiased
one-out method of Lackenbrach and Mickey (Ref 7) and since they
occur more for the classification of columns then any other
object, we conclude that this is a real effect and not a
difference between performance on training data and real data.
In particular, we believe that this difference is due to the
character of the data sets. The training set was picked as

a "clean set". Thus, the particles were more clearly defined
in particular there are significantly less marginal cases
between plates and columns and between columns and needles,
There were also less marginal cases between plates and dendrites
and columns and dendrites. However, since the columns were
effected by three of the uncertainties, the effect of cleaning
up the data set can be expected to be greater on columns then
any of the other particles.

To illustrate the types of particles for which the
machine is having the greatest difficulty, the particles
having the lowest likelihood ratio are shown in
Figure 9. This figure shows the types of particles which are
difficult for machine classification.
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4,0 USE OF COMPUTER PROGRAMS

Two computer programs were prepared to implement the
algorithms developed in this study on the CDC computer at
AFGL. These programs were prepared and debugged on the IBM
computer normally used by the ADAPT Service Corporation
and then delivered at AFGL. AFGL programmers then modified
these programs to run on the AFGL CDC computer. The two
programs prepared were a data preparation program and the
classification program. Source decks and listing have been
delivered to AFGL under separate cover,

4.1 Data Preparation Program

The data preparation program was a relatively minor
modification of the existing AFGL data preparation program
designated as KN2UTIL. The modifications of this program
consisted of modifying the main and adding a new sub routine,
CLANT to perform the preparation of the vecto:-s into the
standard ADAPT "ANT" format suitable for the ADAPT processing.
This program also was used to perform the preliminary pre-
processing which was defined in Section 2.1 of this report,
This approach was taken to minimize the modifications that
will be required to implement this on the AFGL CDC computer,

These modifications resulted in the addition of the
following input variables to the KN2UTIL program: 1) ANT,
2) LTP, 3) LMAX, 4) TMAX, 35) HOLS, 6) IZ, 7) NGAP, 8) MIN,
9) NER, 10) REJH, 11) REJP, 12) REJC, 13) NFIND, 14) NVREG.
These new variables may be input in the same manner as
the other inputs used in KN2UTIL. These variables have the
following meanings:

1) ANT - This is a logical variable preset to true which
when true results in the preparation of a standard ADAPT input
tape containing integer representations of all particles
passing the selection criteria in the standard ADAPT ANT format,
This output tape is referred to as the integer ANT tape.

2) -LTP - Unit upon which the integer ANT tape is written,

3) LMAX - This variable (preset to 1024) is the maximum

length of diodes which will be dccepted before the particle is
rejected.

4) TMAX - (Preset to 85 deg .-F ) Maximum temperature
allowed. Particles having greater temperatures then TMAX will
be rejected.
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5) HOLS (preset to 1.0) Starting HOL number or count
for the ADAPT ANT type vectors,

6) I1Z - Three dimensional array indicating component
numbers of the ANT vector to be included in the header
documentation (i.e. 21, 2Z2) of the ANT vector. This
parameter does not effect the data processing but merely
controls what information is included in the standard ADAPT
documentation format.

7) NGAP (preset to 1) Number of unobstructed diodes
between two regions of the image which will cause rejection
based on more than one particle in the field of view.

8) LMIN (preset to 3) Minimum length of particle which
will be retained.

9) NER ( preset to 10) Number of tape errors which will
be accepted without aborting the run,

10) REJH - Logical variable preset to true. Option to
reject particles entering horizontally.

11) REJP -~ Logical variable preset to true. Option to
reject all precipitation probe particles.

12) REJC - Logical variable preset to false, Option to
reject all cloud probe particles.

13) NFIND (preset to 999999) Maximum number of acceptable
particles to be found before the run is terminated.

14) NVREJ (preset to 1) The number of vertical columns
of blanks which if appear between two portions of the image
will be sufficient to define the image as consisting of two
separate particles and thus result in the rejection of the image.
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The output of this modified KN2UTIL program includes all
of the outputs of the original AFGL version of the program,
plus a tape containing the integer data histories in the
standard ADAPT ANT format on the unit defined by LTP. There
is also a new output summarizing the results of the pre-
processing. This summary »rovides
the following information: 1) the number of data histories
found (always less than or equal to NFIND), 2) a definition
of the documentation variables used and their location, 3) a
summary of the number of histories rejected for each of the
rejection criteria specified for the run.
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4.2 Classification Programs

The second prodgram which was prepared to implement the
algorithms developed in this study is program CLDCLASS
This program takes the output tape of the revised KN2UTIL,
prepares the data vectors for application of the algorithms
by converting from the integer representation of the shadow
graphs to a decimal value equal to the normalized log of this
integer and takes the fast Fourier transform to construct
the frequency space portion of the history. It also re-
arranges the history such that it begins with the normalized
log of the integer representing the particle shape, followed
by the frequency space representation followed by the
documentation variables which the user specifies, For the
algorithms developed thus far, the documentation variables
ueed are variables 95 through 99 and represent the magnitude
of the normalized linear portion of the data vector, the
magnitude of the normalized frequency portion of the data vector,
the Feret length, Feret width and the point of maximum width,
respectively. The program has been prepared with sufficient
flexibility, that other documentation parameters such as the
temperature,velocity, etc could be added to the data vector.
This will of course require the development of a new eigenvector
transformation and new algorithms.

After preparation of the data vector as specified by the
user, this program will then apply the eigenvector transforma-
tion which is included as a data statement in subroutine EIGTR.
It will then apply the algorithms which are included as data
statements in subroutine CLDA4l. Thus, the version of this
program to include different algorithms merely requires the use
of a new subroutine CLDA4l1l and to include a new cigenvector
transformation merely requires a new subroutine EIGTR. It is
anticipated that there may be several different versions of
subroutines EIGTR and there are already three versions of sub-
routine CLDA4l1 (the preliminary,one step and the two step
algorithms). These subroutine. have inputs defining their version
number. These version numbers must be input to the program
corresponding to the subroutine which is used or the run will
be aborted.

The input variables to this program can be divided into
three major groups: control variables, FFT definition variables,
and classification control variables. The control variables
are:

1) ITP equal to the input tape unit preset to start with

unit number 10 and continue modulo 1 up to maximum allowed
number,
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2) ICAS (NOTPMX) Number of cases on each input tape
(preset to -1) cxcept for the first input tape which is
preset to MXCAS.

3) RWIND - Option to rewind tape drive after all cases
read (preset to 2).

4) I041 - Option to use IHF, HOLS, or HOLD as input
of HOL number for I041 equal to -1, 0 or 1, respectively
(preset equal to 0).

5) IHF - Input HOLS to be copied from integer ANT tape
prepared by program KN2UTIL must be input as integers and
the program will continue to count from any input value
until the next array member is found.

6) HOLS - Defines both input HOL if decimal ANT tape
is usad and output HOL if decimal ANT tape is prepared unless
HOLD is specified.

7) HOLD - Same as HOLS except that HOLD specifies the
first HOL and the parameter HDEL specifies the increment
to be used to continue from this first HOL to all HOL numbexs
input,

8) NTAP (preset to 9) Output integer ANT tape.

9) IVTP (preset to 4) VAL tape with VMAX VMIN of documenta-
tion variables for use in equalizing data tapes.

10) IOPRT equals last output HOL to be printed (preset
equal to 1) Allows one to print all values associated with
a few HOL numbers as diagnostics.

11) NATP equals number of tapes to be processed for
this job (preset to maximum allowed number of tapes).

12) OPCLS equals option to perform classification and
prepare Y tape (preset equal to true), (Y tape is tape of all

cases used represented in eigenvector space).

13) NATP, NYTP - Output ANT and Y tape drives, respectively,
if less than 2 tape not prepared (preset to minus 1).

14) OPIG - Option to transform to eigenspace (i.e. get Y's).
15) OPROT - Option to rotate particle prior to calculating

Y's,
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16) OPITP - Option to prepare integer ANT tape identical
to input histories unless particle is rotated in which case
the integer ANT tape will correspond to the rotated particles.

17) OPA41 - Option to only call subroutines EIGTR and
CLDA4l NCASE times (i.e. this option does not read or write
data tapes but operates only with the Y tapes).

18) NOTMK - Option not to make integer ANT tape (i.e.
will not call subroutine SBITA, if NOTMK equals true (preset
equal to false).

19) NPTS - Defines number of points in output data
history (not required if the next three variables are included).

20) IDOC - Starting point of documentation variables
in data vector,

21) NDOC - Number of documentation variables in data
vector,

22) IVSFT - Starting position of FFT variables in output
data vector (two places must be saved at the end of the FFT
for the square magnitudes associated with the magnitude used
to normalize the spacial components and the magnitude used to
normalize the frequency components).

The input variables which define the FFT are as follows:

1) ISFT and NFT specified the starting point (input index) 1

and length of vector to be used to construct FFT (must equal 4
the power of two). <
9

2) ICUT, NCUT - Equal upper and lower cutoff of FFT
(preset equal to 2, 0, respectively; that is, the first two
points of the FFT are dropped to eliminate the DC term and no -
high frequency terms are dropped).

1

3) IVSFT - Specifies start of output of FFT in output ;

data vector. ]
Note, that if the FFT parameters are changed from those 3

.

specified when the algorithms were delivered new eigenvector
transformations and algorithms will be required.

The following variables control the use of the classi-
fication algorithms. For definition of the values to be used, !
the reader is referred to Section 2 of this report in B
which the one and two step algorithms and the variations in
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the thresholds are discussed. In the following, we shall
briefly describe the variables which allow you to input
these criteria to the program,

1) VEREIG - This variable determines the version of 1
the eigenvector transformation to be used,*zhis should always
be "1" for the algorithms delivered at this point.

2) VERA4l - This determines the version of the classi- . J
fication algorithms to be used. This parameter should equdl )
10 for the preliminary one step algorithm, 12 for the one step
algorithm and 20 for the two step algorithm. Note, that the 1
corresponding subroutine CLDA4l must be incorporation in the run |
or the run will be aborted.

3) NEIG - Number of points in the data vectors used for

deriving the eigenvector transformation must be equal to 99
for the algorithms delivered at the time of this writing.

4) ICL1 - (preset to unit 7 equal card punch) Output unit 1
on which the first and second choice will be punched in the same b
order as the input cases. This output will be given in integer
namelist format,

5) ICL2 - Unit on which a tape containing the detection .
statistics will be prepared if this value is less than two ;
no tape will be prepared. <

6) LRl - Sets options for printing summary of output: 1
if 1" only summary is printed, if ®2" summary and table of
likelihood ratios is printed and if ®"3* summary and tables of #
likelihood ratios and detection statistics will be printed.

~ A

7) PROBl1 - This is vector having a number of components
equal to the number of algorithms. Each component in this
vector represents the constant in the calculation of the
detection statistic for the corresponding classification
algorithm. Thus, introduction of positive components reduces
the threshold value for the corresponding algorithm, In this
way, the relative strength of the algorithms may be adjusted
as described in Section 2 of this report.

8) PROB2 - Only two components of this input are utilized. 1
The first component PROB2 (1) defines the criteria on the ratio )
of likelihoods to define the miscellaneous or unclassifiable 3
class. If O or negative, any particle for which no likelihood :
ratio is greater than 1 is considered unclassifiable for values 4
greater than O, the likelihood ratio of the largest class must 1
exceed the second largest class by a percentage greater than '
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or equal to PROB2Z2 (1) or the particle is considered unclassi-
fiable. The second component PROB2 (2) is only used in the
two step (i.e. version 20) of CLDA4l. For two step PROB2

(2) defines the constant in the algorithm for calculating

the detection statistic for the needles or columns verses
plates and dendrites first step in the separation. It may

be used as described for PROBl1 to adjust the threshold of
this algorithm,

The remaining parameters in namelist LISTCK are used
primarily for diagnostic purpcses and are not required as
inputs to run the program,

In addition to the options to printout the likelihood
ratios and the detection statistics, a summary of the classi-
fications is printed out whenever suproutine CLDA4l1 is used.
This summary is prepared for each set of I041 - particles examined
and defines the number of particles identified as dendrites,
needles, colwmns, plates, streakers, and miscellaneous.
Table 7 presents a typical summary of the classes produced
by CLDA41 for 1041 equal to 300.
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5.0 DISCUSSION OF EIGENVECTOR REPRESENTATION OF
PARTICLE HISTORIES

The eigenvector representation was developed to
represent the 403 training particles that were supplied
for this study. Prior to developing this representation,
the training set was reduced to a set having zero means by
subtracting the average of all 403 particle data vectors fHrom
each of the data vectors. Figure 10" shows this average cloud
particle for all the data vectors. These zero mean vectors
were then processed through the ADAPT eigenvector derivation
program and the eigenvectors derived. The variation explained
by each of the eigendirections is plotted in the lower curve
shown in Figure 1l. The ordinant on this curve is the
percent of explained variation and the abcissa is the eigen-
direction. The upper curve plots cumulative sum of the
lower curve, thus, at eigendirection-2, the lower curve
indicates that approximately 5% of the variation is explained
by the second eigendirection, the upper curve shows that the
first two eigendirections taken together explain slightly
more than 95% of the variation in the data. This curve
shows that the eigenvector representation is extremely
efficient for representing the particle shape and size in-
formation included in these data histories. A more detailed
examination of the information in this curve is shown in the
curve connecting the circled points. This curve uses the
ordinant scale reduced by a factor of 10,000 and reveals
that the eigenvectors take on a noise-like behavior after
approximately the 26th eigendirection. The next major slope
change occurs after the 19th eigendirection. This suggests
that between the 19th and 26th eigendirections the variation
is probably mostly associated with a limited number of cases
(Labeled “non-Global" adjustments on Figure 1l1l) and is

probably not a good regior in which to develop useful algorithms.

Figure 12 presents plots of the first four eigenvectors,
The abcissa of these plots is the same indexing variable that

* Because of the large number of figures, all of the figures
for Section 3 will be found at the end of the Section.
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appcarcd on the data vectors presented in Figqure2,. That is,
each abcissa index represent one of the directions in the
original data space. The ordinant is the projection of

the eigenvector on that original coordinate direction. _
Recalling that thc particle shape history and its frequency
spectrum are both normalized, the first 94 points include
only shape information., The 95th and 96th points represent
the square magnitudes of the particle shape and its frequency
spectrum, respectively. The 97th anJ 98th directions are

the Feret length and width, respectively,

and the 99th

direction or last point is the point of maximum width of
the particle and, therefore, primarily a shape measurement,
Thus, the plot of the first eigenvector shows that the greatest
magnitude in this vector is concerned with variables 95
through 98 and, thus, this vector is primarily related to

the size of the particle. The second eigenvector is primarily

determined by the length. The third eigenvector contains

significant contributions for both the size and shape portions

of the history, however, the size portions to a large extent
the third eigenvector
is primarily conccrned with the shape of the particle.

Similarly, the fourth eigendirection is related tc the shape.

cancel one anothcer out and, therefore,

Figure 13 presents the projection of the 403 training
cloud particles onto the first and second eigendirections.
The symbol: used on this plot are shown under the title.
The files r1eferred to are the files on the original data
tape and ware originally identified as follows: File 1 was
primarily rain, File 2 was primarily large snow, File 3 was
primarily bullet rosets, File 4 was primarily needles and
File 5 was primarily dendrites. Notice,
which are separatcd from the main cluster identified by the
symbols, %, B, and 4, These are the only three streakers
which were in the data set. It is clear that these streakers
are easily separated in this scatter plot of the first two

eigendirections.

Figure 14 represents a blow-up of the region in Figure 13
The symbols on this plot

containincg the majority of the data.

that three particles

show that class of the particle as cetermined by a more careful
sccond exarnination of each of the individual particles which

were uscd ftor this study. The numerals represent "pure cases"

and the letter less certain identifications. This figure
shows thc region in which the ncedles represented by A's

and 1's are almost all located in the lower center of the
figure whereas the dendrites represented by 2's and B's are
primarily locatcd above an eigendirection 1 value of minus 10
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and on the left side of the figure. Both of these classes
are reasonably well separated even in this first scatter
plot which explains 97.8% of the variation,

Figure 15 presents the direction of the 403 cloud
particles on the third and fourth eigendirections using
the symbols associated with the original data files.
Figure 9 is a blow-up of the lower left hand corner of
Figure 14 and uses the symbols identifying the final classes
assaciated to the training data. These two eigendirections
explain 1.14% of the variation in the data. There are no
good separations on this scatter plot, however, the bullets
or columns appear to be grouped together in a non-linear
region,

Figures 16 through 28 present similar plots of the
eigenvectors and the projections on these eigenvectors using
the symbols to identify the particle according to its final
training classification for eigendirections Number 5 through
20.
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FIGURE 10 e o
5 AVEAGE OF 403 CLOUD
~ PARTICLE DATA VECTORS
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! FIGURE 11

INFORMATION ENERGY (EXPLAINED
VARTATION) FOR EACH EIGENDIRECTION
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FIGURE-12 FIGEMVECTORS 1-t
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PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 1 AND 2 -
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FIGUPE-15

PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 3 AND 4 - ;
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FIGURE 17
PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 3 AND 4 - (1,A=NDL;
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FIGURE 18

PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS S AND 6 - (1,A=NDL;
3,C=BLT; 4,0=COL; 5=BLT OR COL; 6,F=PLT; 7=PLT OR SPH; 8=MISC; 9=STRKR)
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FIGURE-1Y

PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 7 AND 8 - (1,A=NDL:
2.B=DNDRT;: 3.,C=BLT: 4,D=COL; 5=BLT OR COL;: 6,F=PLT; 7=PLT OR SPH; 8=MISC; 9=STRKR)
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FIGURE 22
PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 11 AND 12 - (1,A=NDL;
2.B=DNDRT; 3.C=BLT:; 4.,D=COL: 5=BLT OR COL: 6,F=PLT; 7=PLT OR SPH; 8=MISC; 9=STRKR)
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FIGURE-22 FEIGENVECTORS 1%-1F
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FIGURE-7H
PROJECTION OF 403 CLOUD PARTICLES ONTO EIGENDIRECTIONS 15 AND 16 ~ (1,A=NDL:
2,8=DNDRT; 3,C=BLT; 4%,D=COL; S5=BLT OR COL; 6,F=PLT; 7=PLT OR SPH; 8=MISC:. 9=STRKR)
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6.0 ANALYSIS OF RELATIVE IMPORTANCE VECTORS

In the description of the ADAPT approach presented in
Appendix 1 and several of the references, it is pointed out
that after the algorithm is obtained in the eigenvector space
it may be transformed back to the original measurement space.
In the measurement space, we may consider the plot of the
algorithm a relative importance vector since the algorithm
is a dot product. This means that the detection statistic
is obtained by multiplying each component of the relative
importance vector by the corresponding component of the
original data vector. Thus, when the component of the relative
importance vector is small, the corresponding component of

the data vector makes a very small contribution to the detection

statistic and conversely when the component of the relative
importance vector is large, the corresponding component of
the data vectors is very important to the detection statistic.
Figures 29 through 34 present the relative importance vectors
for the detection of: 1) dendrites, 2) needles, 3) columns,
4) plates, 5) streakers and 6) columns and needles. These

are the six algorithms which have been incorporated in the
one step and two step procedures which have been delivered

as part of this contract.

The above description of how these relative importance
vectors are used implies that if one wishes to compare two
regions of the relative importance vector, that region which
has the greatest area under the absolute value of the curve
is the more important. Keeping this in mind, we note that in
general, both the spacial components (i.e. components 0 through
64) and the frequency components (65 through 94) make approxi-
mately equal contributions to the decision and the size
parameters a relatively small contribution. The one major
exception to this is the streaker algorithm where the frequency
and spacial components makes considerably smaller contributions
relative to the size parameters., This is probably in part due
to the fact that this algorithm was derived by manual examina-
tion of the projection of the three streakers which were

available for the training on only the first two eigendirections.

It suggests that significant improvements in the streaker
algorithm would be possible if a relatively large number of
streakers were processed through the Fisher classifier and a
higher dimensional analysis performed to derive this algorithm,
However, as pointed out in the introduction, the classification

of streakers was not considered a major problem area and, therefore,

little emphasis was placed on the development of this algorithm,
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FIGURE -30 RELATIVE
IMPORTANCE VECTOR FOR DETECTION OF NEEDLES
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b FIGCURE ~-31 RELATIVE
IMPORTANCE VECTOR FOR DETECTION OF COLUMNS
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FIGURE -3¢ RELATIVE
IMPORTANCE VECTOR FOR DETECTION OF PLATES
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FIGURF -33  RELATIVE IMPORTANCE
JECTOR FOR DETECTION OF STRERKERS |
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FIGURE -34%
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In general, one observes the expected behavior in
both the spacial and frequency components., That is, all
of the objects tend to provide a similar return very near
the beginning and then as one expects, the larger objects
provide more return near the rear portion. The longest
objects in the training data set were very large columns
and plates which appeared in some of the data. For this
reason, we find positive values of the relative importance
vectors after approximately 20 diodes for both the columns
and plates and negative values for the dendrites and needles
which tended to be shorter than 20 diodes for most of the
training data. When one examines the frequency space, one
notes that long constant objects tend to have a higher
frequency return then highly variable objects. This corres-
ponds to the well known principal that if the time domain
has a very smooth function extending over all of the space,
one will have almost all of the frequencies represented in
the frequency space and conversely a highly oscillating time
function will tend to have a relatively smooth representation
in the frequency space. It is interesting to notice that
the columns and needles tend to cancel each others peaks
and valleys such that the detector to detect the combination
of columns and needles results in a very broadband signal
in the frequency space. This is probably the explanation
as to why this two step algorithm shows advantages over the
single step of finding the columns and needles independently.
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7.0 CONCLUSIONS

Two schema for the machine classification of cloud,
particles as measured by Knollenberg 2D probes have been
developed and analyzed. These schema are based on detection
and classification algorithms derived from real data and
have incorporated into them the flexibility to allow the
user to modify critical thresholds associated with these
algorithms so that they may be adjusted to the needs of
the user as well as to differences between characteristics
of data sets. Examples have been given which show how
the confusion matrices associated with a given training
subset of a data set can be used to select and verify these
adjustments to the constants.

The nominal performance of these schema using the
nominal settings for the thresholds has been found to be
superior to the performance that would be expected from manual
classification. Thus, even without these adjustments these
schema should provide performances superior to manual classi-
fications. Since manual classifications is an extremely time
consuming job and there is a tremendous number of particles
in a typical data set, the advantages of these schema over
manual classification are clearly significant even without
the adjustment of the schema to a particular data set,

The techniques differ from those previously developed
primarily by the use of real data for training data. Analysis
presented show that even the variation between real sets of
data can be expected to have significant effects on the proper
design of the classification schema. Thus, it is very unlikely
that the use of artificial data will yield algorithms which
are useful for automated classification of these Knollenberg 2-
dimensional cloud particles.

The classification schema developed here make use of the
relatively simple to apply Fisher classification scheme rather
than the more complicated maximum likelihood and Bayes family
¢ classifiers., Considering the problems associated with
the definition of good training sets and consistency of data
between data sets, it is believed that the difference between
the Fisher classifier which is an approximation to the maximum
likelihood are small compared to the other problems associated
with the development of these classifiers. Thus, the significant
savings in computation both in the development of the classifiers
and especially in the application of the classifiers justifies
the use of these computationally more efficient algorithms,
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The algorithms efficiency is further increased by the
use of the unique capabilities of the ADAPT family of
classifier development programs to objectively define and
extract features from large data sets. BAnalysis of both
rotated and unrotated data has demonstrated that the features
used are relatively insensitive to particle orientation.

Initial attempts to reach agreement on the truth data
suggested that the particles to be classified could be
considered "poorly defined" objects. These objects
were poorly defined in the sense that there will be dis-
agreement as to proper classification for significant per-
centage of the members of the classes among different human
classifiers. To understand the impact of this poorly defined
nature of the objects, comparisons were made between 15
different human classifications of the same set, It was found
that technician and computer specialists were, in general,
more consistent with the trainer's classifications then
experienced meteorologists. The particles causing the greatest
difficulty for machine classification were also found to be
different from the particles which caused the greatest difficul-
ties for manual classification.

Analysis of the eigenvector expansion sugdested that
useful information may »e found in any of the first 20 eigen-
vectors. The first eigenvector was primarily related to the
size of the particle, the second eigenvector was primarily
determined by the length, the third through 20th eigenvectors
all showed significant contributions from both the spacial
and frequency portions of the spectra. Analysis of the relative
importance vectors shows that except for the streakers, both
the spacial domain and the frequency domain were important
to the classification. The one universal characteristic of
all of these algorithms was the symmetry of the frequency
plane relative importance vector about the mid point. The
aominant teatures of the time and frequency domain could both
be explained in terms of the shape of the particle. The
streaker classification was based primarily on the global
magnitude and shape parameters with less contribution from
either time domain or the frequency domain of the signature.
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This attachwent will present the detail information
which defines the ADAPT approuch to cmpirical data analysis.
This approach is based on the concept that empirical data
analysis should be preceded by transforming the data from
the original data space to a more efficient analysis space.
This more efficient andlysis spaéé i3z defined as that space
which rcquires the least number of numbers to represent a
given amount of information in the original data set. It
can be shown that this space is simply the eigenvector space
and the transformation required is the eigenvector or the
Karhunen-Loeve transformation.

The personnel who are now the senior technical staff of
the ADAPT Service Corporatic. each have a decades experience
with analysis in the eigenvector space.  This has led to the
development of aunique set of computer programs both to per form
the transformation to the eigenvector space and to perform the
analysis in this spane,

The ADAPT programs have many outputs which are considerably
different from those which are obtained from classical approaches
to empirical or statistical analysis. <This attachment will
attempt to present a brief description of these outputs and how
they may be used to improve empiricel data analysis. In the
following paragraphs, we will summaxize each of the capapilities
and outputs of thce ADAPT analysis procedure,

ADAPT OPTIMAL REPRESENTATION

The major difference between the ADAPT approach to empirical
analysis and the classical approach to empirical analysis is the
derivation and use of the ADAPT optimal representation to simplify
and improve all subsequent empirical analysis of the data. The
ADAPT optimal represcntation is known in the literature under
the names of: 1) principal componeni analysis, 2) Karhunen-Loeve
expansion, 3) eigenfunction expansion and 4) optimum empirical
orthogonal functions. The ADAPT Service Corporation has developed
a unique approach to obtaining this transformation which overccmes
the difficulties uassociated with the iterative techniques discussced
in the literature and available in most "statistical"packages".
The importance of this unique approach to deriving eigenvectors
is discussed in the ADAPT write-up titled “"significance of ADAPT
Apvproach to Deriving Bigenvectors" included as Appendix 2B,

It is useful to review some of the kasic concepts
associated with the ADAPT optinal represontation. The
first poinL which must be established is the meaning of
optimal. For the ADAPT application, optimal is defined
as that representation which requires the lecast number of
numbers to rcpresent a given amount of information or varia-
tion. Thus, by definition, the ADAPT optimal xgprcochaLlon

A-1 "
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is the most éfficient orthogonal coordinate system for
represcnting the learning data. For further discussion of
this transformation and its usc sec References 1l-3.

After the optimal representation has bcen obtained,
the learning data is transformed to the optimal space
and the analysis is performed in the optimal space. The
optimal space may he viewed either geometrically as a
new coordinate system for describing the learning data of
functionally as a system of empirical orxrthogonal functions
(EDF) to be used to construct a generalized Fourier series

represcentation of the learning data. In the first case,
tl 2 analysis is performed on the coefficients of each

of the data vectors in the new space. In the latter case,
the analysis is performed on the coefficients of the.
generalized Fourier series expansion of each of the

data histories. The numerical value of the coefficients
is ideniraical regardless of whether the procedure is
visualized geometrically or functionally. Thus, the
major output of the first step of any ADAPT analysis is
the transformation matrix to transform the data from the
original data space in which the data vectors are defined
to the new optimal ADAPT analysis space.

To visuzlize the role of the ALAPT representation,
consider the tra: ormation matrix H, between the original
data space contas ..g observation or data vectors "SVyinp"™
and the optimal a&nclysis space containing the transformed
data vectors "Yy,". Figure 1 preseunts a block diagram of
the ADAPT process illustrating this role of the optimal cpace.
The transiormation matrix, H,, is an orthogonal matrix, the
inrerse of this transformation is equal to its transpose.
Thus, one has rules for transforming the data to the optimal
space and the results of the analysis from the optimal space
back to the original space. The dimensionality of the original
space which vsing the notation »f Figure 1 is K by n will be
reduced to K by r where K is the number of cases and n is the
number of dimensions oxr nuwber of numbers required to describe
each case, In general, for large data sets, r is at least an
order of magnitude less than n., For data vectors less than
the order of one hundred, r may only be a factoxr of 2 to 10
less than n. The data in the original data space is designated
by the symbel Vine In the optimal space, his data is represented
by the coefficicents Yxy. Where K in both cuses designates the
case and n and r dcsignate the components of the data vector
in each of the spaces, respectively. One may transform the
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data either from the original data space to the optimal
space or visa versa by using the transformation matrix

as indicated by the arrows on Figure l. Linecar algorithms
may also be transformed between the data space and the
optimal space by use of the H matrix.

The ADAPT characteristics which in addition to the classi-
cal statistical summary parameters would be of interest include
the ADAPT optimum function, the information energy plot, the
ADAPT scatter plot, the ADAPT relative importance vectorx,
performance map, independent eigenscreening and the empirical
validity criteria. The following paragraphs will present
a brief description of each of these and some of the ADAPT
preprocessing concepts.

Optimum Function

Referring to the preceding descrption of the ADAPT
process, the ADAPT optimum function is numerically the
coriesponding column of the H matrix. Since this vector
is described by N components, it has the appearance of a
data vector that shows the importance of each of the
original components of the data vectors to the construction
of the optimal space, Plots of this function provide a
physicel interpretation for the components of the optimal
space and also an indication of which of the original data
vector components are conveying similar information. This
may be vicwed as an analysis of variation of the data
but it should not be confused with the classical analysis
of variation which is normally associated with the outputs
of regression analysis. These classical analyses of
variation generally describe how much of the variation
observed in the dependent variable can be explained by
the indepcndent variable. The ADAPT cptimal functions on
the other hand, are simply an analysis of variation of the
indepcndent variable without considering the dependent
variable at all. It seeks to answer the question which
independent variables express the greatest amount of
variation and which independent variables convey similar
information. ’

Information Enerqgy Plot

———

The eigenvalues associated with each of the optimal
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functions'defincs the amount of variation in the
learning data set which is explained by that optimal
function. Since all information must bc conveved by
variation in the data, this variation is analogous

to an "information energy"”. One of the standard ADAPT
outputs which will be provided for each of the bases
developed (i.e. transformation matrices) in this study
is a plot of this information energy or eigenvaluc

as a function of a number of dimensions used. [xamina-
tion of this information energy curve allows one to
determine the dimensionality at which the information
has the character of noise, One can also observce the
change of character of the information represcnied as

a function of dimcnzionality., It is often possible to
detect the point at which the eigenvectors are primarily
correcting for anomolous cases. Thus, the information
encergy is one of several important "tools in selecting
the diwmensionality for the analysis. Some of the subtle
aspects associated with onalysis of the information

energy arce discussed in refercnces 4-6, Ref-4 is a funda-
mental paper, the results are often misused. Ref-¢ discusses

this in more detail.

Scatter Plot

The ADAPT scatter ple: is the projection of the -
data vectors under consideralior. on two dimensions of
the optimum space. In general, one prxojects on the
first two dimensions on the optimal space since these
two dimensions provide the best representation of the
information contained in the data. This is identical
to making a scatter plot of the Yy, versus Y,y coecffic-
ients. Note, that equation 2 on Figurc 1 can be inter-
preted as the generalized Fouriex series expansion of
data history SV, in terms of the orthogonal functions
defined by the H matrix. Thus, a data history, SVpj,
having a first coefficient of 1, (Y1p = 1), on the
scatter plot and a second coefficient of -1, (Y2p = -1),
would have a two term gencralized Fourier scries
representation equal to the difference between the farst
and second optimal functions (SVp - I - H, eee)e The
significant achievement of the scatter plot of the first
two optimal cocfficients of cach of the data vectors
is that it prescnts the best possible two dimcensional
representation of the entire data sct. Each point on
the scatter plot represents an entire history made up of

N points.




Algorithm and Relative Importancce Vectors
19

The derivation of a lincar classification algorithm
may be locked upon as the search for the line or vector
with the property that the numerical valuc of a data
vector's projection on this line is a good detection
statistic. ‘The ADAPT algorithm vector is a plot of
the component:; of the projection of this vector in
the original data space. Since the dot product of this
vector witlh the data vector determines the detection
statistic, the magniitude of ecach of these componcnts
provides a measure of the importance of each component
to the alyoricnm being evelualed. In the ADAPT
programs, the alyorithm vector is derived in the optimal
spuce. Thuco in data space this vector is the product of
the vectour defiaced in the optimal space, A, tines the
transZormabtic, mal TiX Ipr.

The imporltance of any variable to an algorithmn is
tne product of two values: 1) the value of the algorithn
associoted weth that value and 2) the wwounrt ol variaticn
associatcd with the variable. For example, a given
variable makc 3 no contribution to an algorithm i{ the
algo-ithm volve is zero or if it has (e sane value £cr
all olservations. Thus, we defince the relative importance
vectour as & veeror in Gata space where each component
is Lo producl of the glaovilla value and the variance
of e vacianla cooou! d with 'hat conponent. It
follows fiom L mochundsm off the dotb preduct operation
that 14 i tbo absolube value of the relative impoctance
(or algorithii) vector wiich is significant, For coxample,
considering Lhe algovithm veclor, if one variable has a
value of minus .5 and another variable a valuée of plus 0.1
a chonge in Jhie indexing varacble having the value of minuas
0.5 in thoe algorithm vector has five times Lhe coffect on
the answer cr deteclion statistic as the same change in
the indesing variable having o value of plus 0.1.

Performance Mip

The performance map is a plot of the dimensionality
used for the analysis versus the perforrmance of the algorithm
devcloped. 10 provides an empirical non-pocamnctyvic tool
Lo delermine whethexr there was sufficicent learning cases
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to provide a physically meaningful algorithm. It also
provides a tool for cstimating the gains possible by
increasing the amount of training data. The Lask accomplished
is analogous to thec problem of fitting a third oxder polynomial
to independent test data. One —an always fit a third order
polynominal to threc numbers, and there is no implied physical
significance to the fact that there is a good fit. This is
otten refecrred to as an overdetermined problem., On the other
hand, if one has a "large'" number cf independent samples say
one hundred samples and onc fits a curve to this larger set

of samples, one may conclude that those hundred samples can
e approximated by a third order polynomial cxpression over
the range of the available experimental data.

The question is, what is "large"? The same phenomena
occurs for all empirical analysis. If the number of
learning cases equals the nuber of dimensior.,, must
empirical algorithms will fit the learning data cxactly,
however, once again there is no physics implicd in this
fit. As one increases the number of lcarning cases beyond
this point, if one continues to achieve good fits of the
date with theeaewpirical algorithm, the probability that the
fit is koced on physics dncreases, Eventuaily when the
ratio of learning cases to nunber of diwensions used 1is
“sufficiently large", one not only can assume that the
relationship is baosed on physics but that the performance
which is obtazined on the learning data mnay safcly be
extrapolated to future indcpendent test samples. The
ADAPT performance map can bce used to define "sulficient large™.

After introduction of Lhe inde¢pendent eigcuscreening
concept into the ADAPYT linear classification and regrescion
programs, the performance map was no longer rcqulired
to determine if the overdeterwined situation
had bcecen obtained. However, the performance maps arce now
casier to use and still determine if additional training
data should be used. They now provide plots of both the
biased and unbiased performance as a function of ratio
of number cases to dimensionality. When both Lhe bio: . .
and unbiased performances are similar, the number ot
training casec are adequatce for that elgoritin.,

Empirical Validity Criterain

The ADAPT approach of proceding vt s
with an optimal representalior also jrov.d
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for performing a necessary but not sufficient test to
determine whether an empirical algorithm is applicable

to a new indcpendent test sample., This empirical validity
criteria concists of obtaining the ratio, (Q) of the length of
the data vector for the new independent test case in’'the
optimal spacc to its length in the originel data space.

If this ratio is significantly less than the corresponding
ratio for the average or typical learning data used to
derive the algorithms, the independent test case has been
obtained from a sample which is significantly different
from the learning data. Thus, empirical analysis of the
test casc based cn algcrithms derived from that learning

"set can not be justified. EXperience with this validity

criteria in many different problems, has shown it to be
very effective in providing apr: .ri estimate of whether

an algorithm is applicable to o .riticular test case,

This procedure has been part ol .. ADAPT family of computer
programs and was first descvribed in the literature in Ref-7.

Gr Jup-Out Indepcndent Testing

The ADAPT regression and classification algorithm
development programs include a capability to obtain

independent (i.e. unbiased) test results with a minimum
increase in the requxred number of cases. This is
achieved through the group-out testing procedure. The
procedure is to consider the original training set of
data as made up of a relatively large number of small
groups of cases. Note, that the group may be as small
as one case. If we have a set of M cases available

for the study and we use groups of N cases each, the
procedure is to remove the first group of N cases giving
a training set of M minus N cases and an independent tes:.:
set of N cases. The algorithms are derived on the
training set and tested against the N cases in the firsv
group. When this is completed, the N cases in the first
group are returned to the training set and a second
group of N cases is removed and the procedure repeated.
If this procedure is followed, one finds that they have
derived a total of M divided by N algorithms each having
M minus N lraining cases and has tested the total of all
of these algorithms against M independent t=st cases.
Thus, the net effect of this procedure is to effectively
provide M minus N training cases and M independent test
cases from a sct of M cases.
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It should be noted, that the proccdure originally reported
in the literature in Ref-8 is based on thc capability to obtain
an inversc with one case omitted from thc covariance matrix. In
the ADAPT programs, our ability to use this procedurc is )
due to the efficiency of the analysis in the ADAPT space. i

’ Although we also have some programs which make use of
the procedure outlined in the literature combined with
: the efficiency of the ADAPT analysis space which providces
. an extremely economical way of performing onc-out testing.
We have compared the performance obtained with the group-
out testing with classical independent testing and have
found with random selection of groups, stable sets of
-algorithms produce identic.l results as independent tests
when training and test samples are drawn from homogeneous
data, With conscrvative selection of groups the group-out
testing is a more severe test,

N . . .
et alaaERMETa L O

Eigenscreening °

Classical screening regression'has been avoided in
the development of the ADAPT computei programs for two
reasons. These reasons are: 1) classical screcning

regression makes the screening decision based on the
performance established from training data. Comparative
analyses between use of independent test data and
training data performed by the ADAPT Scrvice Corporation
have chown that the trainirj data does not provide a
reasonable basis for screening of the variables and 2)
classical screening is performed on a set of independent
variables which are not orthogonal and thus considerable
effort is required ascertain whether » variable is
retained because it is significant or because it is
repeating information which has already been obtained in
a different variable,
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The ADAPT eigenscreening approach is similar to the
classical screening regression except that the screening
is performed in eigenvector space and performance is

/ established based on the group-out testing procecdure
and thus is based on independent and unbiased test results.
Since the screening is performed in the eigenveclor space
instead of the data space, the variables being screened
"are orthogonal and onc¢ need not be concerned with the
linear dependence between the screcned variables.,
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The screening process is significantly improved
because: 1) thq, unbiasced test provides a higher canfidence
performance estimate than dependent testing and 2) the
group-out testing allows the evaluation of the stability
of each term in the algorithm ds well as the algorithm
perxformance. The evaluation of the stability is especially
important when the number of cases is limited, since the
"overdetermined"” solution, which must be avoided, is very

-unstable. If the performance of the different algorithms

developed in the group-out testing is unstable, one can be
certain that therc are insufficient ‘training cases, If
any term in the algorithm is unstable, this term probably
should have beeh rejected.

These improvcements in the screening have resulted in
significant additional capabilities in performing regression
analysis. The ADAPT Service Corporation has also applied
these prokedures to pattern recognition techniques and has
computer programs which provide these same advantages to
the development of classification algorithms, Furtl.er dis-
cussicn and examples illustrating th- ADAPT ecigcnscreening are
given in the ADAPT write~up "Illustration of ADAPT Independent
Eigenscreening Technique", included as Appendix C3D,

Proenrocessing

an extremcly impertant factor in obtaining good
empirical results is to preprocess the data such that the
information is presented in a useful manner, The ADAPYT
family of computer programs include the capability to provide
most of the classical preprocessing such as normalizations,
adjusting the data according to some prescribed function,
taking rourier or cepstrum transforms of the data. The
ADAPT computer programs also include specialized preprocess-
ing which has been developed based on requirements
established as a recsult of the work performed in the past.
These include such techniques as equalization, thresholding
and a unique capability for objectively deriving folding
procedurcs to overcome non-linearities and non~monotonic
relations between the predictant and the predictor variable.

- The last preprocessing performed before processing the
data through the ADAPT cigcnvector derjvation programs
or transforming thc data to the eigenspace is to reduce
the data to zero mcan by subtracting the average of all
the training cases from cach data vector. The zero mean
data offers a great many numerical advantages and is used
in almost all ADAPT studies.
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In all studies wherc different types of variables ]

(eg. a data vector composed of tempcrature mcasurcments
and pressure measurements) and many cases wherc the
variables are thc same but their magnitudes may mask
the variation, thec reduction to zero mean is preceded
Ly "egualization" of the data vector. This is a proccss

~ by which the value of each variable is forced to lie Lotwaoen
1.0 and 2.0. This is accomplished wy transforming the
original vuriable Vi (x) to a new variable Vi (x) using:
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Vk (x) - VMIN(x)
Vi(x) = 1 + VMAX(X) - VMIN(x) (1)

AT

where Vk(x) = Value of obscrvation k associated with index x«

AR B, DTV

X = A range 0of one ox more indcxing variablern

VMAX = Max value ovc: all training data asscciated
with index x

VMIN = Min value over all training data associated
with index x
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APPENDIX8 - SIGNIFICANCE OF ADAPT APPROACH TO DNERIVING EIGENVECTORS

INTRODUCTION

The ADAP. approach to empirical data analysis is thatc
empirical data analysis such as pattern recognition or reygression &
should be preceded by transforming all of the data into the
appropriate eigenvector space for analysis. This provides an
optimum (in the Xarhunen-Loeve sense) space in which te perform ‘
the analysis and significantly decreases the coust and increases
what can be learned from any subsequent analysis. This approach -
translates most of the major numerical analysis problems into ;
the first step (i.e. finding the eigenvecto:s of the covariance @
matrix derived from the original data vectors). Thus, the
efficient and correct derivation of the eigenvectors associated -
with a covariance matrix is one of the most important aspects
of the ADAPT approacl to empirical analysis., 5

aar

The ADAPT Service Corporation uses a unique approach to r
the derivation of these eigenvectors which provides both a ;
greater efficiency with respect to computer running time and
core size and also eliminates the problems resulting from noisy '
and/or ill-conditioned real data sets. These noise and data
conditioning problems are very similzr to the problems which
lead to singular matrices when analyzing data in the original
data space. Although these problems do not cause a failure
to obtain an answer with conventional eigenvector techniques
such as those included in the IBM scientific sub-routine
package they often lead to meaningless outputs from these
techniques and unnecessarily large requirements for core size
and running time. This appendix will review these difficulties
and outline the advantages of circumventing these difficulties
prior to entering the procedures for deriving eigenvalues and
eigenvectors.
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PITFALLS OF CONVENTIONAL EIGENVECTOR DERIVATIONS

Since we are dealing with the task of finding the eigenvectcrs -
of the covariance matrix, we may limit the discussion to real
symmetric matrices. Modern technigues (i.e. the Jacobi technique
which is used in the IBM scientific sub-routine package or the
Givens-House-~holder technique described in Reference 1 and useaq
in many commercially available statistical packages are bhased
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on iterative techniques which usually proceed from some
initial guess for the eigenvalues and an apriori specified
accuracy. With the judicial use of overflow and .underflow
protections in the programming of these techniques, one
obtains a set of numbers and vectors which look like eigen-
values and eigenvectors. In many ways, this is unfortunate
because unlike the situation with matrix inversion where
ill-conditioned input data leads to the impossibility of
obtaining an answer, ill=-conditioned data leads to a partially
incorrect answer with these eigenvector techniques. These
incorrect outputs are responsible for many of the miscon-
ceptions concerning eigenvector analysis that are often

heard and occasionally even appear in the literature regarding
the use of eigenvectors as an analysis tool. The most common
of these misconceptions are:

1) the instability of eigenvectors (i.e. cases where
eigenvectors corresponding to relatively large eigenvalues
are supposedly unstable as one changes the data slightly),

2) the statement that the derivation of eigenvectors
for large real data vectors is nearly computionally impossible
(zb: Reference 2, Page 31) and,

3) only the first few dominant eigenvectors can have
physical meaning (the ADAPT Service Corporation has found
and verified physically meaningful information in eigenvectors
explaining considerably less than 1% of the variation).

In the following paragraphs, we will discuss two problems
which may lead to such false conclusions, these are:

1) insufficient independent observations and,
2) noise.

The inpact of insufficient observations can be seen most
clearly by considering a simple case. Suppose for example
one had three observations (i.e. cases) of some phenomena
where each observation consisted of five independent measure-
ments associated with the phenomena being observed. This will
provide a data matrix consisting of three vectors of five
components each. Clearly, if one attempted to run a five
dimensional regression or a discriminate analysis requiring
the inversion of the covariance matrix in this five dimensional
original data space, they would not be surprised to find that
the matrix to be inverted is singular. Similarly, one should




not expect to be able to find five eigenvectors associated
with this data set. Table 1 shows an example using the
Givens-Householder technique where the substitution of the

, covariance matrix associated with these three five component
I data vectors into conventional eigenvector routines will
lead to five eigenvalues and five associated eigenvectors.
The two smallest eigenvalues and their associated eigen-
vectors must be meaningless and should be discarded.

TABLE 1 - SAMPLE VECTORS AND EIGENVECTORS DERIVED USING
GIVENS-HOUSEHOLDER TECHNIQUE

H
v
-
.
.
V.
N
v
at
N
.
.

3 - INPUT VECTORS
V1l = ‘-10. 0. 0. 0. 0.2
V2 = 0. 1. 0. 0. 0.
V3 = 10, -1. 0. 0.

5 - EIGENVECTORS AND CORﬁESPONDING EIGENVALUES:

EIGENVECTORS EIGENVALUE
El = 0.9985 -0.0503 -0.0200 =-4.3E-12 0.0 200.

E2 = 0.0503 -0.9987 5.6E~8 =-2.2E-17 -5.7E-17 1.5

E3 =-2.8E-20 -7.0E-17 2.2E-10 -1.0 -1.0 6.0E-18

E4 = oO. 0. 0. 0.  1.0E-11 2.8E-16

ES = -0.0200 -0.0010 -0,9998 -2.2E-10 1.4E-15 0.0
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If we now introduce two additional cases which are
linearly dcpcendent on the original three cases, there will be
no charge in the above described situation except that in
general the eigenvalues and the eigenvectors will change.
However, if these two linearly dependent eigenvectors are
noisy they may introduce additional positive eigenvalues,
makiny the uses believe that there are more than three
meaningful eigenvectors, even though a maximum of three
eigenvectors can have any meaning. We would hope that these
eigenvectors were those associated with the largest eigenvalues,
however, this can not be assured. If each of the data vectors
were similar such that the first eigenvector explained almost
all of the variation and the second and third eigenvectors
only explained a small amount of the variation, the eigenvalues
of the noise generated eigenvectors may exceed the eigenvalues
of the true eigenvectors. Thus, the ill-conditioned data which
leads to most problems appearing as singular matrices in data
space analysis when combined with noisy data will lead to
the generation of false eigenvectors when one attempts to
derive eigenvectors with most modern iterative techniques.
Thus, the data conditioning necessary to insre successful
results in the data space analysis is equally important to
deriving the eigenvectors.

When dealing with real data especially with real data
defined by a large number of observations especially where the
number of cases is only §lightfy'greater than the number of
measurements defining each of the observations, linear depend-
ence of cases within this data and noise may create these
problems even where one would not expect them. Noisy data
further aggravates the problem by decreasing the number of
independent observations. Large sets of real data where
each data vector is itself a high dimensional vector are
particularly susceptable to a noise induced linear dependence.
That is, although a given observation may in principal be
independent of all other observations it may be sufficiently
similar that the difference between it and another observation
is within the noise or the inaccuracies of the measurements.
When this occurs, it can dramatically decrease the number of
independent cases available and it is often difficult to
determine this effect apriori by examination of the data or
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even the physics of the process. Since this noise induced linear

dependence will also reduce the total number of eigenvectors
which can be expected from the covariance matrix, it's effect
can appear in exactly the same way as the simple example given



above. Thus, we see that in dealing with real data, the use
of poorly conditioned data in conventional eigenvector
derivation procedures can lead to a large percentage of the
eigenvectors being generated from measurement inaccuracies
or other noise and having no real relationship to the data.
Furthermore, this has been accomplished with a great deal

of unnecessary effort on the part of the computer. This
unnecessary effort has increased both the core size and
running time required.

ADAPT EJIGENVECTOR TECHNIQUE

The ADAPT technique to circumventing the conventional
prcblems in deriving eigenvector representations is to
precondition the data matrix by a proprietary procedure which
eliminates the above described problems and is mathematically
equivalent to orthogonalizing the matrix without optimizing.
This preconditioned data is then used to derive the Karhunen-

. Loeve expansion appropriate to the original data.
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e APPENDIX-C

ILLUSTRATION OF ADAPT INDEPENDENT EIGENSCREENING TECHNIQUE

Tables 1 through 3 present typical outputs frow the
ADAPT independent eigenscreening programs. These tables
illustrate the development of a regregsion algorithm using
independent eigenscreening for estimating thce change in
longitude of a tropical storm 24 hours after its observation.
Beforc using these tables to illustrate the independent
eigenscreening technique, we will describe the information
presented on the tables. The tables consist of ten columns,
each of these columns defines one parameter of interest.

To understand the information presented, we must recall
that the procedure used is to divide the training cases int-
two groups, the first group to ke used as training and the :
second group as independent test. For example, consider a '
set of 60 training cases, we might take the first 50 as the .
training and the last 10 as independent test. The alagoritt =
would then be derived using the first 50 cases and tested B
against the last 10. When this is completed, a different se. ’
of 50 training cases and 10 independent would be used. For
example, we night now take Cases 1 through 40 and 51 through 60
as training data and test the results against Cases 41 through
50. After completion of the second set of algorithms and ~
independent tests, we could repeat the procedure four more
times. This would vield six different training algorithms
and sets of 1l0- independent tests on cach of the six algorithms
for a total of 60 independent test cases. Thus, beginning
with a total set of 60 cases this procedurc would result in
- 50 cases for training and 60 independent test cases.
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- The selection of six sets of algorithms and the composition
:j of ecach set are input parameters and are selected based on :
}‘ the physics of the problem. The penalty is that we nced to develop a
, six sets of algorithms. Using conventional techniques the ﬂ
. cost of this procedure would be prohibitive for most recal

o problems, but with the ADAPT procedurcs we can take this

g approach. As a result of this approach, we¢ have a performance
for the independent test cases, in this case, the correlation
coefficient given in the third column of thc tables and labeled
- RHOZVT., We also have a learning corrclation coecfficicnt for

. ) each of the six algorithms developed. The average of these
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cocfficicents is given in the fourth column of the table and
labeled RIOVL. We may also compute the standard deviation

of this lcarning corrclation cocfficient and if the algorithm
is stablce we would oexpect that the standard deviation of the
lecarning corrclation cocfficicnts would be small compared

to the avcerage lcarning correlation cocfficient. Thus,

we defince the ratic of the standard deviation to the average
corrclation cocfiient of the learning data as the learning
stability. This ic provided in the tenth or last column of
the table under the title, “Learn Stab".

Since we have developed six algorithms and each algorithm
has a number of terms in it equal to the dimensionality of
the analysis given by Column 2 in the tables, we can also
cxamine the stability of cach term in the algorithm in the
same woy us we examine the stability of the performance.
This stability is given in the tenth column of the table under
the title orf MAXSIG/MEAN. The value given is the value of
the worst 'stability of any term in the aIgorithm, the number,
NO, is given for somc outputs and is the term in the algorithm
which has this worst stability. When the stability exceeds
an input threshold parameter, the entire silability for the
algorithm is printcd out (on a scparate page from this summary
table) so that the uscr may examine it. Our experience has
shown that the learning stability is an almost certain test
of having obtained thecoverdetermined soclution. Experience
with a number of different types of data and prohlems suggests
that the stability parameter, MAXSIG/MEAN must be less than0.5

to 0.7 for the last (ie. ton) term.

The fifth column in the tables labeled, ACT-EST, gives
the averagce error baosed on the independeant testing. The
three columns labeled, SDZV, SIGRATL, or SIGRZVDT, list the
standard dcviations and ratios of standard deviations which
we have found useful in assisting in the understanding of the
performance of the algorithms which have been developed.

The first column of Table 1 showing the potentially useful
eigendirections provides a definition of which eigendirections
arc being used in any algorithms developed. In order to
providc brevity in the table, only the last eigendirection
added is listcd. Thus, the bottom row of the first column
of this tublc has a valuc:"3" , this indicates that the
first cigendirection which was useful was the eigen-
direction and that the algorithms developed to determine this
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were developed in the onc dimensional space (i.e. Column 2
hcaded NR has a valuc of NR = 1) consisting of the third

- eigendircction. The second row up shows that Column 1

contains the value "4". This indicates that the fourth
eigendirection was the second useful elgendlrection and the
algorithm to

determine this was derived in the two dimensional eigenvector
space consisting of the third and fourth eigenvectors. Thus,
if one were to recad at the ninth row up from the bottom this

is an algorithm developed in a 9 dimensional space consisting
of all of the cigendirections shown in the first column from
the ninth row down to the first row.

Now that we have looked at the format of Tables 1
through 3, we shall discuss their meaning. Table 1 summarizes
all of the eigendircections which have been selected for
retention based on the input parameters given by the user.
That is, the user is allowed to input a criteria for both the
independent test results and the stability which must be
s;atisfied in order to retain a given eigendirection as a
result of this screening., Table 2 shows the same results for
those cigendirections which have been rejected based upon
these criteria. 1In general, it is our practice on the first
screening run to put in very weak constraints on the retention
of eigendirections so that we retain any eigendirection which
has any possibility of being useful in.the analysis in this
first pass. For this study, this yielded a total of 9 eigen-
directions which appeared to have some usefulness for the
task at hand. We then repeat the screening procedure in
reverse, That is, we start with all of the potentially useful
eigendircctions and sequentially delete one of the eigen-
directions and detcrmine whcther its deletion has improved
or decrcased the performance of the algorithm. It sometimes
requires scveral passes. Table 3 presents the results of the
last Pa8SS of this analysis. This table has the same format
as Tables 1 and 2. In gencral, the criteria utilized are
somewhat more stringent in these final steps. Examination
of this table immcdiately shows the most successful algorithm,

.is the siX dimensional algorithm using eigendirections 3,5,

7, 14, 8 and 9. Note, that at dimensionalities

greater than or equal to SiX Dboth the error and the stability

.
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of the termsin the algorithm (MAX SIG/MEAN) deteriorate,
This table then completes the screcning process.

In summary, because of the efficiency of the ADAPT
process, we have been allowed to make our decisions as to the
value of retaining cigendirections based on independent tests
as well as on the stability of the t~rms in the algori thm and
the performance of the algorithm, Furthermore, we have not
had to concern ourselves with the possibili ty that a given
direction is being rctained because of linear dependence on
another eigendirection because of the orthogonal properties
of the eigendirections. Although this example has been given
for a regression analysis, our programs are completely
operational and provide exactly the same results using similar
outputs for a Fisher classifier. Similar procedures can be
prepared for any linear classifier, .
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